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ABSTRACT 
Demystifying Learner Success: Before, During, and After a Massive Open Online Course 
Yuan Wang 
Massive Open Online Courses (MOOCs) have gained great popularity during a relatively 
short time frame. Yet, measuring MOOC learner success has been fairly challenging. The 
development of technology and scale of online education considerably outpace efforts to 
evaluate and understand how well it is succeeding at improving outcomes.  
 As a response and after reviewing current literature and relevant theories, in this 
dissertation, three research directions have been identified, as critical steps toward better 
understanding MOOC success: 1.How does a learner’s motivation influence their outcomes? 2. 
How does a learner’s motivation influence their performance and engagement within a 
MOOC? 3. How does a learner’s performance and engagement within the course influence 
their outcomes? 
Given these three research questions, three studies have been conducted to analyze 
both MOOC learner motivation and learning activities via taking into account learner data 
before, during, and after taking a MOOC. This research considers success at two stages: 
during the course itself (course completion), and the student’s post-course career development.  
The results of Study 1 showed that course completers tend to be more interested in the 
course content, whereas non-completers tend to be more interested in MOOCs as a type of 
learning experience. Learners who complete the course tend to have more self-efficacy for 
their ability to complete the course, from the beginning. Grit and goal orientation are 
associated with course completion, with grit predicting course completion independently from 
intention to complete, and with comparable strength. 
Study 2 investigated 5 behavioral thresholds in addition to just looking at course 
completion alone and looked into how each of the 5 types may link to the different 
motivational aspects included in the pre-course survey. The results indicated that emerging 
patterns unique to the MOOC environment could be related to various learning needs that 
require engagement with the course materials on varied levels. For example, skipping 
introductory videos might relate to learners intention of focusing on a sub-set of the course 
materials. 
Results of Study 3 showed that career advancers earn better scores and are more likely 
to complete the course. Career advancers also engaged more frequently with all key course 
components such as course pages, lecture videos, assignment submissions, and discussion 
forums. However, when further examining interaction behaviors within discussion forums, 
advancers tend to be forum lurkers who frequently read the forums but were less likely to post, 
comment, or vote. 
The results of these studies can increase our understanding of MOOC learner success 
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MOOCs have been referred to as a disruptive innovation in education (Stokes, 2013; 
Vardi, 2012; Lombardi, 2013). They have attracted a fast-growing number of learners from all 
around the world in a short amount of time. By the end of 2015, over 35 million learners had 
signed up for at least one MOOC (Shah, 2015).  
MOOCs are not entirely new; the first “connectivist” cMOOCs (Siemens, 2005; 
Siemens, 2006), emphasizing the social aspects of online learning and the autonomy afforded to 
learners in directing their own learning, emerged a decade ago.  More recently, xMOOCs, with 
the “x” coming from the names of the MOOC providers MITx and edX (Rodriguez, 2013), have 
emphasized the potentials of access to materials and instructors from world-class universities. 
These xMOOCs, using more traditional pedagogy than the earlier cMOOCs, have captured 
considerable public attention (Haggard, 2013). Thousands of xMOOCs have been offered to the 
public through platforms such as Coursera, EdX, and Udacity.  
More recently, there has been growing recognition of the potential of MOOCs to help 
increase career opportunities for emerging fields in high demand, such as the data sciences 
(Dopplick, 2015). As such, MOOCs are seen as a key opportunity to equip learners with skill 
sets in high demand and cater to the growingly diverse needs of a knowledge economy (Weise, 




Problem Statement - The MOOC Success Challenge 
           By definition, what differentiates a MOOC from previous types of online courses lies in 
its massiveness and openness, which respectively have brought about distinctive challenges for 
operationalizing MOOC success.  
MOOC Massiveness 
A massive number of learners not only implies popularity but also the possibility of 
heterogeneity of learner motivation. Learners who do not complete the course may have various 
reasons other than completing the course. While MOOCs attract many learners to register, many 
have noticed that MOOC courses have a massive number of registered learners but a low 
completion rate (e.g. Breslow, Pritchard, DeBoer, Stump, Ho, &Seaton, 2013), and in many 
cases this has been treated as a crucial concern (Yuan & Powell, 2013). 
It is not yet clear if it is; students approach MOOCs with a variety of goals, and many 
students use MOOCs in a fashion that does not appear to ever be targeted towards completing 
the MOOC (Kizilcec, Piech, & Schneider, 2013; Seaton et al., 2014). As such, it is unclear how 
much of the low completion rate of MOOCs reflects a genuine failure for MOOCs; a student 
who signs up only planning to watch one specific lecture of interest and does so, should not be 
considered a failure for the MOOC. Thereby, the differences in learner motivations for enrolling 
in MOOCs make it difficult to define whether a MOOC is successful. The many options that 
MOOCs create for learning in different ways is a virtue, not a flaw, and needs to be considered 
as one.  
Currently, relatively little is known about why learners choose to use MOOCs in 
different fashions; what the deeper motivations are that underlie these decisions. Researchers 
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have only begun to delve into how different patterns of behavior and engagement in MOOC 
learners reflect different motivations.  
MOOC Openness 
Another defining feature of MOOCs is their “openness”. MOOCs allow learners to start 
and finish a course according to their own pace, resulting highly diverse learning time frames per 
student. Learners can even choose to download the entire course video lectures all at once 
without needing to re-log into the course platform at all. Therefore, learning activities and 
learning data can be highly fragmented and diffuse (McAulay, Stewart, & Siemens, 2010).  
Existing research has focused on two dimensions in addressing this question: 
achievement and persistence. First, some studies have examined metrics mirroring a traditional 
classroom, such as learner grades on quizzes and exams (cf. Belanger & Thornton, 2013; MOOC 
@ Edinburgh, 2013). Second, some studies linking success with persistence have focused on 
continued learner usage and participation with course components such as videos (e.g.,Guo, Kim, 
& Rubin, 2014) and discussion forums (e.g., Yang, Sinha, David, & Rose, 2013). However, little 
has been investigated in terms of how a MOOC has impacted a student beyond the duration of 
the course prescribed by the instructor or the design of the course platform and the context of the 
course platform itself. The open nature of MOOCs, allowing for learning to occur beyond the 
restriction of time and context, may lead to additional learning patterns and outcomes emerging 






In order to better understand how learner success can be operationalized in MOOCs, it is 
necessary to understand what can be meaningful outcome measures of learner success in a 
MOOC and what factors influence those outcome measures. 
Learner motivation is important in determining why learners select a MOOC and what 
they achieve in that MOOC. Learning behaviors during the MOOC influence achievement as 
well. This dissertation proposes to analyze the relationships between MOOC learner 
motivational and behavioral factors and learner outcomes to increase our understanding of 
MOOC learner success. 
 
Research Question 1 
How does a learner’s motivation influence their outcomes in a MOOC?  
Research Question 2 
   How does a learner’s motivation influence their performance and engagement within a 
MOOC? 
Research Question 3 
   How does a learner’s performance and engagement within the course influence their 










In this section, related theories and studies are reviewed and organized in three 
categories corresponding to the three phases when learner data are collected: before, during, and 
after taking a MOOC (Figure 1). We first review theories and studies on MOOC learner 
motivation prior to registering a MOOC, then learning activities during a MOOC, followed by 
longitudinal career development after taking a MOOC.  
 
 




Before the Course 
 
Prior to commencing learning activities in a MOOC, learner intention and motivational 
constructs associated with why learners may choose to enroll in a MOOC constitutes a focal 
point of research into MOOCs. Learner intention has been studied extensively in relation to 
various types of student goals and motivations in the general online learning context. There has 
been relatively little attention to the role played by these types of variables in MOOCs, though 
there have been MOOC studies that have examined domain-specific motivational concepts, such 
as whether the MOOC is relevant to the learner’s academic field of study (e.g. Belanger & 
Thornton, 2013).  
Research in other domains has shown the important role of motivation in driving 
participation and performance. For example, learning goals have been found to be associated 
with successful performance (Pintrich, 2000). Performance-approach goals have also been 
found to be positive predictors of exam performance whereas performance-avoidance goals 
have been found to be associated with poorer performance (Elliot, McGregor, & Gable, 1999). 
Another important motivational construct, self-efficacy, has also been found to correlate with 
performance, for instance in mathematics (Hackett & Betz, 1989). Need for cognition, the extent 
to which individuals are inclined towards effortful cognitive activities, has also been found to 
positively relate to academic performance (Sadowski & Gülgös, 1996). More recently, grit has 
been found to predict retention in various contexts including school, workplace, and military 






According to the theory of planned behavior, intentions are the most important predictor 
of behavior (Ajzen, 1985, 1991), in this case whether the learner completes the MOOC they 
start. However, people may have incomplete control over whether they can engage in the 
behaviors they intend (Sheeran, 2002).  
To study the gap between intention and behavior, McBroom and Reid (1992) 
decomposed the consistency and discrepancy between intentions and subsequent actions into 
four groups (McBroom & Reid, 1992). Students termed “inclined actors” intend to act and 
actually do so. Students termed “disinclined abstainers” do not intend to act and indeed do not. 
These two groups of students are consistent in their behavior. “Inclined abstainers” (who intend 
to act but fail to do so) and “disinclined actors” (who do not intend to act but actually do) can be 
seen as having behavior that is discrepant from their actions” (Orbell & Sheeran, 1998). Sheeran 
(2002) conducted a meta-analysis and found that “inclined abstainers” are considerably more 
common than “disinclined actors”, across contexts. The existence of discrepancy between 
intention and behavior indicates that intention is not the only factor that influences subsequent 
behavior. Motivation has long been held to be a critical factor affecting the relationship between 
intention and behavior (Ajzen, 1974).  
 
Motivational Variables 
Grit. Grit refers to “perseverance and passion for long-term goals” (Duckworth, et al., 
2007, p. 1087). Studies have shown that grit is associated with achievement motivation 
(Duckworth, 2013), educational attainment (Duckworth & Quinn, 2009), and professional 
achievement (e.g. Vallerand, Houlfort, & Forest, 2014). Grit also predicts retention in a 
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challenging 3-week military training course (Eskreis-Winkler et al., 2014). Grit has not yet been 
widely studied in the context of MOOCs. One study investigated grit within MOOC learners 
who were currently enrolled in college, finding grit was associated with the plan to graduate 
from college, among male students (Cupitt & Golshan, 2015); however, this research did not 
investigate the relationship between grit and MOOC completion, Another study (Hicks & 
Klemmer, 2016) employed the grit scale, as one component, to construct a learning belief scale 
to assess MOOC learners, but no analysis was conducted on grit by itself. As such, it remains an 
open question how grit affects retention in the context of MOOCs.   
Academic Efficacy. A second important motivational factor is self-efficacy, defined as 
one’s belief that one can accomplish a given task (Bandura, 1994).  Zimmerman, Bandura, & 
Martinez-Pons (1992) found evidence that a learner’s self-efficacy is associated with learning 
achievement. A specific category of self-efficacy is academic efficacy, self-efficacy focused on 
academic situations (Ryan, Gheen, & Midgley, 1998; Pintrich & Schunk, 1996). In the context 
of MOOCs, Wang & Baker (2015) found little evidence for difference in generalized academic 
efficacy between MOOC completers and non-completers, but they found evidence that MOOC 
completers had higher self-efficacy at the beginning of the MOOC that they would complete 
this MOOC in specific. 
Goal Orientation. There is a long history of research into learner motivation in 
education (cf. Ames & Archer, 1988; Ames, 1992). One of the most popular theoretical 
frameworks for learner motivation over the last three decades has been the study of learner 
goals, or goal orientation (Elliot & Harackiewicz, 1994). Dweck (1986) argued that two key 
goals characterize most learners: learning goals (also called mastery goals) and performance 
goals. Students with learning goals strive to increase their competence and master skills (Ames 
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& Archer, 1987); learners with performance goals strive to succeed and obtain favorable 
assessments from others. Later researchers noted that learners may be avoidance-oriented (Duda 
& Nicholls, 1992). Skaalvik (1997) found out that task-avoidance orientation was negatively 
related to task performance. Elliott (1999) further enriched the framework by introducing a 
trichotomous framework to include performance-approach goal, performance-avoidance goals 
and mastery goals.  
Need for Cognition. Need for cognition (NFC) indicates a stable tendency to engage in 
and enjoy effortful cognitive activity (Cacioppo & Petty, 1982), which MOOCs may represent 
for many students. Several past studies have shown that NFC predicts students’ academic 
achievement (eg. Sadowski & Gülgös, 1996; Elias & Loomis, 2002). NFC has been found to be 
positively related to goal-oriented behavior (Fleischhauer et al., 2010). Moreover, NFC was 
found to be positively associated with the experience of flow in human-computer interaction (Li 
& Browne, 2006). Overall, NFC has been studied most thoroughly in off-line learning contexts 
(Evans et al., 2003), though there has been some research in the context of computer-assisted 




During the Course 
In this section, we review relevant literature and studies based on two types of data 
reflecting learner behavior and performance during the MOOCs. The first type of data refers to 
learner performance and completion data. The second type consists of interaction variables 
derived from the clickstream data.  
 
MOOC In-Course Performance and Completion 
  As in traditional school and university settings, performance in MOOCs is generally 
measured by calculating learner assignment and test scores (Breslow et al., 2013). A total score 
is calculated at the end of a MOOC to determine if a student earns enough points to complete a 
course. The threshold for completing a course to earn a certificate is usually pre-defined by the 
course instructor (cf. Belanger & Thornton, 2013; MOOC @ Edinburgh, 2013). Performance 
data in MOOCs have been used as a key metric to assess student success in MOOCs, and has 
served as a dependent measure in further research. Learner demographic background (Deboer et 
al., 2013), motivation (Wang & Baker, 2015), prior knowledge (Kennedy et al., 2015), and 
interaction with the instructor (Hone & EI Said, 2016) have all been studied and linked to 
MOOC learner performance. 
Unlike in traditional for-credit online learning platforms, many MOOC learners do not 
consider completing a course their primary goal (Fini, 2009; Belanger & Thornton, 2013). 
Although the completion rate is low relative to for-credit online courses, it is generally agreed 
that completion rate in the context of MOOCs cannot be easily equated with course completion 
in other learning contexts (cf. DeWaard et al., 2011). Nevertheless, performance data have 
allowed for a critical starting point into studying MOOC learner success. 
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Course completion rate has become one of the most discussed metrics in the MOOC 
research community (Breslow, Pritchard, DeBoer, Stump, Ho, & Seaton, 2013; Belanger & 
Thornton, 2013), in part due to ease of measurement, and in part due to the clear analogy to 
traditional courses, where failure and dropout are cause for considerable concern. In addition, 
course completion also allows for comparison to other online courses, having been thoroughly 
investigated across various E-learning platforms in previous research (Moore & Kearsley, 2011). 
One core study that considered course completion was work by Kizilcec, Piech, and 
Schneider (2013), who suggested that MOOC learners could be categorized into four groups 
based on their behavior: Completing, Auditing, Disengaging, and Sampling. Their findings 
suggested that MOOC learners engage with content in at least four distinct different ways; these 
four patterns of behavior may represent four different goals. Alternatively, Clow (2013) views 
the same phenomenon as representing a “funnel of participation”, where learners can be 
categorized by their degree of participation, with each deeper level of participation being 
undertaken by a smaller number of students.  In both cases, completion was treated as the 
culmination of some but not all learners’ goals for taking a MOOC. 
 
MOOC Learner Interaction Variables  
The availability of clickstream data allow for engineering a multitude of variables 
reflecting finer-grained learner engagement. Clickstream data have been used to derive measures 
of learner interaction with course components such as videos, discussion forums, and 
assignments, which have been correlated to other data.  
  Lecture Videos. Learner interaction with the lecture videos have been among the first 
aspects of student behavior studied when analyzing clickstream data. Guo, Kim, and Rubin 
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(2014) examined video watching data from 6.9 million video watching sessions, with the 
research question of how design choices during video production affect student engagement. 
They investigated student performance in relation to video styles such as whether the video was 
recorded in a live classroom, whether the captured video includes real audience, whether 
instructor shows a drawing freehand on a digital tablet, etc. They found shorter videos, inclusion 
of instructor talking-head videos, and presence of drawing-hand style instructions led to better 
engagement. 
Discussion Forums. In terms of learner activities within discussion forums, Yang, Sinha, 
David, and Rose (2013) looked into how social factors extracted from discussion forums 
influence course completion and identified predictors of completion, finding that metrics such as 
whether a student is a conversation initiator and a student’s frequency of posting are predictive 
of completion.  Coetzee et al. (2014) conducted a field experiment with two experimental forums 
under an edX MOOC and examined whether the presence of a forum reputation feature can 
influence student performance. Their study showed that learners who ever participated in the 
forum continued to access the course pages until later in the course than those who did not 
participate in the forum. The forum with the reputation feature was found to relate to higher 
number of response per questions posted than in the forum without the reputation feature. 
Crossley and colleagues (2015) investigated the relation between discussion forum data and 
course completion and found out that linguistic features of student forum participation, such as 
cohesion, can predict course completion.   
 In addition, patterns of how students navigate between multiple key MOOC components 
including videos, discussion forums, wikis, and other features, have also been examined in 
relation to course completion. As an open learning environment, MOOCs offer students a high 
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degree of freedom in terms of how and when the available learning resources can be used, 
making navigation patterns a potentially useful tool for understanding student engagement, 
goals, and learning strategies. Guo and colleagues (2014) collected student activity data from 
four edX MOOCs to examine whether students belonging to different demographic categories 
exhibit ‘linear navigation’ (accessing course materials and videos according to the presented 
sequence), or ‘non-linear navigation’. Their results show that students completing the course 




After the Course 
In addition to performance and interaction within the MOOC course platform, there has 
been recent attention to whether a MOOC has longitudinal impact after the end of the course 
(Wang, Paquette, & Baker, 2014; Radford et al, 2015). Yet, operationalizing post-course 
development can take on different forms for MOOCs intended for different levels of learners, or 
in different domains. Before starting to measure post-MOOC development, we must first ask 
ourselves what MOOC learners intend to achieve after the conclusion of a MOOC and what that 
specific MOOC is poised to offer for the student’s development. We consider this in terms of the 
development of individuals’ careers, and the development of the communities of practice that 
they belong to and join.  
Despite the promising outlook, few empirical studies have delved into the links between 
MOOCs and post-course development. Much research in MOOCs focuses on learner 
achievement and engagement during the course itself, leaving the area of post-course student 
longitudinal development relatively untouched. This lopsidedness in MOOC research reduces 
our understanding of the role that MOOCs can play in 21st-century learning.  It is observed that 
the narrative on MOOCs has shifted from overwhelmingly optimistic from 2011 to 2014 to 
substantially more critical in 2015 (Siemens, 2015; Ho et al., 2015). One concern is that it is not 
clear how well MOOCs support student learning and career development in response to 
changing societal needs (Ferguson, Sharples, & Beale, 2015).  
The ongoing focus on studying MOOC completion, with longitudinal development data 
largely absent, obscures the possible role that MOOCs may play in the long-term professional 
development of many of their users. Generally two directions in measuring post-MOOC 
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development have received growing recognition both individually on career advancement and 
collectively on communities of practice.  
 
Career Advancement 
Recent studies have revealed that many MOOC learners intend to improve their current 
career or transition into a new career. Studies have shown that about 70 percent of MOOC 
learners have already earned at least a college degree (Belanger & Thornton, 2013). Beyond this, 
more than 60 percent of learners of the 24 MOOCs offered by University of Pennsylvania self-
identified as currently employed (Christensen, et al., 2013). The majority of MOOC learners 
from their study are not current college students.  
  Instead of pursuing a degree in a traditional school setting, a considerable percentage of 
MOOC learners are seeking career advancement through taking MOOCs (Radford et al., 2013). 
A substantial number of MOOC learners opt to display their MOOC certificates on their 
LinkedIn profiles (Chen et al., 2016).  
In addition to showing interests in accumulating competency in a current job, many 
MOOC learners have also expressed explicit goals of changing their careers. Be willing to 
change jobs and proactively seeking to do so has been found to correlate with higher level of 
perceived employability by employers (Fugate et al., 2004), and thus can be a key step toward 
advancing one’s career. For instance, recent studies on MOOC learner motivation suggest that a 
substantial proportion of learners register for a MOOC with an intention of changing their job 
(Kizilcec & Schneider, 2015).  
More recently, Dillahunt and colleagues (2016) conducted a survey and found out that 
enhancing employability was a key reason why many learners enroll in MOOCs. They 
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categorized desired career advancement for MOOC learners into four types: transition into a new 
field; promotion in their current fields; obtaining new position in current fields; and improving 
current job skills. However, while learners have the goal of increasing their employability and 
many employers are interested in prospective employees’ MOOC experience (Radford et al., 
2014), there is not yet much evidence of post-course career improvement as a result of taking a 
MOOC.   
Few empirical studies have delved into measuring tangible post-course impact after 
taking a MOOC. One recent report by Coursera revealed that more than 70% of MOOC learners 
responding to their survey reported career benefits as results of enrolling in MOOCs (2015). 
Particularly, their report showed several types of self-reported career-related benefits as a results 
of taking a MOOC, such as being better equipped for their current job, finding a job, starting a 
business, receiving a pay raise or promotion. Yet, how these learners who believe they have 
gained career benefits differ from less successful learners in terms of their in-course performance 
and engagement remains unknown.  
 
Communities of Practice 
In addition to post-course development analyzed on the individual level, development of 
a community of practice complements the development of individual learners. This can be 
particularly relevant for a MOOC in an emerging field since the field needs to attract new 
members in order for it to grow and develop.  
Communities of practice refer to groups of people who share a common interest and 
learn how to enrich a shared repertoire of their practice via joint activities (Lave & Wenger, 
1991). Learning extends beyond knowledge acquisition and internalization by individuals to 
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becoming members of this community of practice (Lave, 1991). Becoming a member of a 
community of practice is also considered beneficial to career advancement on the individual 
level (DeFillippi & Arthur, 1994), for example by moving from being a novice to a full 
practitioner in the community. The emergence of virtual media further extended the realm of 
community of practice (Johnson, 2001). Squire and Johnson (2000) argued that virtual 
communities foster development of community of practice by eliminating formal boundaries.  
With regard to development of a community of practice, Lave and Wenger (1991) 
introduced the concept of “legitimate peripheral participation” as a key access-providing step to 
enable novices to become full participants so as to improve the community of practice as a 
whole. It is pointed out that much of learning happens not directly in knowledge transmitted 
from an expert but from interactions and discussions among peers. Via legitimate peripheral 
participation, novice participants not only acquire existing knowledge but also contribute new 
knowledge and shape the direction and development of the community of practice, while en 
route to become full practitioners (Lave & Wenger, 2002).  
MOOCs, as a virtual learning venue, often connect to a community of practice around 
the domain of the MOOC’s content. For example, a MOOC teaching methods in the emerging 
field of educational data mining (EDM) is likely to attract learners who are interested in joining 
the community of practice composed by the field of educational data mining. MOOC learners 
can be perceived as prospective full practitioners in this community of practice. With their lack 
of entrance restrictions, MOOCs can provide a new space to facilitate legitimate peripheral 
participation. For an emerging field such as educational data mining (Romero & Ventura, 2007; 
Baker & Siemens, 2014), fostering the development of the community of practice can be crucial, 
and there is initial evidence that some MOOC participants join relevant scientific societies 
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during or immediately after participating in a MOOC (Wang, Paquette, & Baker, 2014).  This 
development does not stop at the moment when the course concludes. Therefore, studying the 
development of MOOC participants, as members of the community of practice after the MOOC 
concludes can be a valuable lens for understanding the impact of the MOOC. Chen and 
colleagues (2016) analyzed data from a functional programming MOOC and tracked learner 
post-MOOC learning activities in Github, a social repository for programmers to save and share 
code. They found some MOOC learners who had never used this platform before began to use 




Summary of the Literature Review 
In this section of literature review, studies and theories organized around learner data 
produced before, during, and after taking MOOCs were reviewed, with an aim of understanding 
success within MOOCs in a more systematic way.  
Meanwhile, operationalization of MOOC success in prior studies has largely focused on 
course completion, while indicators of post-course development may be an important alternative, 
capturing how a learner’s broader career and life are influenced by taking a MOOC. 
 
Two Research Focuses toward Demystifying MOOC Success 
Studies and theories on MOOC learner motivation help reveal emergent needs of MOOC 
learners going beyond merely completing the course. It is pertinent to investigate student goals 
and motivations such as grit, goal orientations, academic efficacy, and need for cognition in the 
context of a MOOC, and in particular how these factors relate with and compare to the student’s 
own intention and plans to complete the MOOC.  
Studies on learning patterns, especially those enabled by the availability of clickstream 
data, allowed us to zero in on learner engagement with various course components including 
lecture pages, videos, discussion forums, as well as assignments. Specifically, learner 
development data collected after the conclusion of MOOCs can provide critical insights in 
relation to learning patterns within the MOOC platform. For this reason, even though it is rather 
difficult to capture every single trace of learner data given that MOOC learner data are highly 
fragmented (Siemens, 2015), taking into account learner data before, during, and after taking a 
MOOC can help us better understand the paths that students take towards success, from their 
motivations before the MOOC to their experiences afterwards.  
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Two Success Metrics  
Two operationalizations of success in MOOCs are identified from current studies and 
relevant theories: course completion and post-course development. Course completion as a 
metric for success has been studied relatively thoroughly, while post-course development, as an 




CHAPTER III.  
METHODS & RESULTS 
 
The three research questions will be investigated through three studies. Study 1 
addresses the first question on how learner motivation influences outcomes; Study 2 investigates 
the second question on how different within-course behaviors types relate to learner motivation; 
Study 3 investigates the third question on how within-course interaction relates to post-course 
development after taking a MOOC. The proposed research context, the Big Data in Education 
MOOC, will be introduced followed by explanations of procedures for the three studies.  
The Big Data in Education MOOC (BDEMOOC) 
Iteration 1: Coursera  
Big Data in Education was offered in its first version on the Coursera platform, as one of 
the inaugural courses offered by Columbia University. It was created in response to the 
increasing interest in the learning sciences and educational technology communities in learning 
to use educational data mining (EDM) methods with fine-grained log data. The overall goal of 
this course was to enable students to apply core methods in educational data mining to answer 
education research questions and to drive intervention and improvement in educational software 
and systems. BDEMOOC’s first iteration began on October 24, 2013. It officially ended on 
December 26, 2013, but the course remained open after that point.  
The course had a total enrollment of 45,268 during its official run as a course (an 
additional 20,316 joined and accessed the course after the official end date). A smaller number 
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actively participated during the course: 13,314 students watched at least one video; 1,242 
students watched all the videos; 1,380 students completed at least one assignment; and 710 
made a post in the weekly discussion forums. Of those with posts, 426 students completed at 
least one class assignment. 
A total of 638 students completed the online course and received a certificate. Many 
students successfully completed the course and earned certificates without ever posting in the 
discussion forums. 
 
Iteration 2: edX 
The second iteration of Big Data in Education was offered on the edX platform. The 
lecture content of this second iteration of the course was largely the same as the first iteration. A 
few lectures were modified based on new developments in the field. New types of assignments 
were also added with the goal of improving the scaffolding of complex problem-solving 
processes and conceptual learning.  
BDEMOOC’s second iteration began on July 1st, 2015. It officially ended on August 26th, 
2015, but the course remained open after that point. The course had a total enrollment of 10,348 
during its official run as a course. A smaller number actively participated; The course had a total 
enrollment of 10,348 from 162 countries, during its official run as a course. During the first 
week of the course, 2538 students visited at least one page of course content, and 1212 students 
played at least one video. 510 students posted at least one comment in the discussion forum 
during the course. The course data showed that 251 students completed at least one assignment, 
and that 113 students in total completed the online course and received a certificate. Many 
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Method: Study 1 – Pre-Course Survey Analyses  
Overview  
The first study of this dissertation consists of 3 sets of analyses that examine the link 
between learner motivational factors and outcomes. Motivational factors include both context-
specific reasons as well as domain-general aspects. Outcomes were measure by course 
completion and final scores.  
To analyze the proposed research question in study 1, pre-survey data have been 
collected from both iterations of the BDEMOOC.  
 
Procedure 
Context-specific reasons. The items of interests from the pre-course survey include 10 
items drawn from previous MOOC research studies (cf. Belanger & Thornton, 2013; MOOC @ 
Edinburgh, 2013) asking respondents to rate their reasons for enrollment. Specifically, these 10 
items included questions on both the learning content and features of MOOCs as a new platform 
for learning. For example, items such as “Subject relevant to my academic field of study” and 
“Extending current knowledge of the topic” relate to the content of the course; whereas items 
like “Course is offered by a prestigious university” and “Curious to take an online course” 
emphasize features of the MOOC platform (Appendix A). Participants were asked to rate on 
how important each potential benefit of a MOOC was to them, using a 5-point Likert scale.  
Domain-general motivational factors. To measure MOOC learner motivation, the pre-
course survey comprised three sets of variables (Appendix B):  
• The short 8-item Grit Scale (Duckworth & Quinn, 2009; Duckworth. et al., 2007).  
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• Three sub-scales of PALS (Patterns of Adaptive Learning Survey) (Midgley, et al., 2000): 
Academic Efficacy, Mastery-Goal Orientation, and Performance-Goal Orientation 
• The 18-item Need for Cognition Scale (Cacioppo, 1982) 
Grit. The present study includes the 8-item short grit scale (Duckworth & Quinn, 2009) 
to assess learner’ consistency of interests and perseverance of efforts. Of the 8 items, 
consistency of interests is measured by items such as “New ideas and projects sometimes 
distract me from previous ones”, a reverse-coded item; while perseverance of efforts is 
measured by items such as “I’m a hard worker”. The grit scores was calculated by averaging 
across items on a scale of 1 to 5. Higher scores indicate more grit. This item was only included 
in the pre-course survey for the second iteration of the course. 
Academic Efficacy, Mastery-Goal Orientation, & Performance-Goal Orientation. 
Three PALS Survey (Midgley, et al., 2000) scales measuring mastery-goal orientation and 
academic efficacy will be used to study standard motivational constructs. PALS scales have 
been widely used to investigate the relation between a learning environment and a student’s 
motivation (cf. Clayton et al., 2010; Meece, Anderman & Anderman, 2006; Ryan & Patrick, 
2001). For the present study, three sub-scales measuring academic efficacy, mastery-goal 
orientation, and performance-goal orientation are included to investigate differences between 
MOOC course completers and non-completers. Altogether fifteen items (five in each scale), 
scaled 1 to 5, are included. Scores for measuring academic efficacy, mastery-goal orientation, 
and performance-goal orientation are computed by averaging across the 5 items under each sub-
scale.  
Need for Cognition. The 18-item need for cognition scale (NFC) has been widely used 
as a motivational factor in hundreds of empirical studies in contexts of effortful cognitive 
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endeavors (Cacippo, Petty, Feinstein, & Jarvis, 1996). The NFC scores has been computed by 
averaging across all 18 items, on a scale of 1 to 5. Higher scores indicate more need for 
cognition. 
Enrollment Intention. Upon entering the early-course survey, learners were asked to 
indicate whether they intend to earn a certificate or not. Enrollment intention was coded as a 
dichotomous variable, where 1 = certificate intenders and 0 = non-certificate intenders. This 
item was only included in the pre-course survey for the second iteration of the course. 
Final Scores. The final score was calculated by averaging the student’s 6 highest grades 
out of a total of 8 assignments.  
Completion. Completion has been coded as a dichotomous variable, where 1 = 
certificate earners and 0 = non-certificate earners. The requirement for earning a certificate in 




Course Iteration 1. After survey data collection for the first iteration of the BDE 
course, data on course completion was merged with the survey data. Two-sample independent t 
tests were conducted to compare course completers to non-completers in terms of their 
enrollment reasons. As this investigation comprises 10 statistical analyses across two groups, 
Benjamini & Hochberg’s (1995) false discovery rate (FDR) method was used to control for 
multiple comparisons. FDR methods attempt to adjust the degree of conservatism across tests so 
that 5% of significant tests are false positives, instead of attempting to validate that each test 
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individually has less than a 5% chance of being a false positive given other tests.  This assures a 
low overall proportion of false positives, while avoiding the substantial over-conservatism 
found in methods such as the Bonferroni correction. Additionally, a multiple linear regression 
analysis using the backward selection method was conducted to investigate the relationship 
between survey variables and the final score as the response variable. Both statistically 
significant and marginally significant (p<0.1) findings were included in the model.  
Course Iteration 2. As with analyses of the first iteration, analysis of the second 
iteration also responds to the first research question to examine the link between learner 
motivational factors and outcomes with data collected from the second iteration of the BDE 
Course offered on edX in 2014. The pre-course survey for the second iteration of the BDE 
added questions on enrollment intentions and grit.   
After survey data collection, data on course completion was merged with the survey 
data. The relationship between certificate intention and certificate completion was studied by 
conducting a chi-square test of independence. Two rounds of independent t tests have been 
conducted to compare 1) certificate intenders and non-certificate intenders, and 2) certificate 
earners and non-certificate earners in terms of the motivational items listed above. Similar to 
analyses in course iteration 1, Benjamini & Hochberg’s (1995) false discovery rate (FDR) 




Result: Study 1 – Course Iteration 1 
MOOC-specific items 
For the first set of questions (Table 1), 5 items were found to be statistically significant: 
“Course is offered by a prestigious university”, t(1377) = -2.38, p = .017 (α = .009), d =  -.218 
“Curious to take an online class”, t(1366) = -3.05, p = .002 (α = .0043), d = -.278, “Supplement 
other university/college class” t(1372) = -2.65, p = .006 (α = .007), d = -.247, “Geographically 
isolated from educational institutions”, t(1369) = -2.07, p = .028 (α = .015), -.191, and “Cannot 
afford to pursue a formal education”, t(1371) = -2.08, p = .022 (α = .013), d = -.204. For all five 
of these items (see Table 1 below), non-completers gave higher ratings than completers. 
Interestingly, all the above-mentioned items besides “Supplement other college/university class” 
did not connect to respondents’ knowledge or interest in the specific content area of the course. 
They all addressed the features of MOOCs as a new learning medium. For example, “Course is 
offered by a prestigious university”, and “Cannot afford to pursue a formal education” address 
the unique opportunity afforded by the MOOC platform, whereas “Curious to take an online 
class” and “Geographically isolated from educational institutions” involve features common to 
all online learning platforms. As such, students who were motivated by the opportunities of 













Think the course will 
be fun and enjoyable 
M = 3.23, 
SD = 1.09 
 
M = 3.33, 
SD = 1.11 
-.091 t(1371) = -1.03, 
p = .305  
(α = .033) 
Subject relevant to my 
academic field of 
study 
M = 3.65, 
SD = 1.33 
 
M = 3.70, 
SD = 1.29 
-.038 t(1374) = -.43, 
p = ..668  
(α = .043) 
Class teaches Skill 
that will help my 
job/career 
M = 4.04, 
SD = .99 
 
M = 4.05, 
SD = 1.03 
-.010 t(1384) = -.03, 
p = .977  
(α = .048) 
Course is offered by 
a prestigious 
university 
M = 2.78, 
SD = 1.23 
 
M = 3.05, 
SD = 1.25 
-.218 t(1377) = -2.38, 
*p = .017 
 (α = .009) 
Curious to take an 
online course 
M = 2.22, 
SD = 1.31 
 
M = 2.59, 
SD = 1.35 
-.278 t(1366) = -3.05, 
*p = .002  
(α = .0043) 
Want a credential to 
enhance my 
CV/resume 
M = 2.44, 
SD = 1.26 
 
M = 2.65, 
SD = 1.39 
-.158 t(1375) = -1.65, 
p = .099  




M = 1.92, 
SD = 1.25 
 
M = 2.24, 
SD = 1.34 
-.247 t(1372) = -2.65, 
*p = .006  
(α = .007) 
Extending current 
knowledge of the 
topic 
M = 4.39, 
SD = .77 
 
M = 4.34, 
SD = .82 
.063 t(1381) = .64, 
p = .521 
 (α = .039) 
Geographically 
isolated from 





SD = 1.25 
 
SD = 1.36 *p = .028  
(α = .015) 
Cannot afford to 
pursue a formal 
education 
M = 1.95, 
SD = 1.24 
 
M = 2.22, 
SD = 1.40 
-.204 t(1371) = -2.08, 
*p = .022  
(α = .013) 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
2 PALS sub-scales 
In the second set of questions (Table 2), both scale-level averages and individual items 
were investigated. Evaluated as scales, neither the items measuring mastery-goal orientation, 
nor the items measuring academic efficacy showed significant differences between completers 
and non-completers. When looking at individual items, only “I'm certain I can master the skills 
taught in class this year.” had a statistically significant difference between groups. Completers 
gave higher ratings for this item than non-completers, t(1385) = 2.27, p = .019 (α = .011), d 









s Cohen’s d 
T-Test 
p-Value  
(α level adjusted ) 
It’s important to me 
that I learn a lot of 
new concepts this 
year 
M = 3.82, 
SD = 1.00 
M = 3.86, 
SD = 1.03 -.039 
t(1390) = -.43, 
p = .669  
(α = .046) 
One of my goals in 
class is to learn as 
much as I can 
M = 4.30, 
SD = .83 
M = 4.23, 
SD = .88 .082 
t(1389) = .92, 
p = .355  
(α = .048) 
One of my goals is 
to master a lot of 
new skills this year. 
M = 3.85, 
SD = 1.04 
M = 3.85, 
SD = 1.04 -.001 
t(1385) = .01, 
p = .993  
(α = .05) 
It’s important to me 
that I thoroughly 
understand my 
class work. 
M = 4.20, 
SD = .78 
M = 4.04, 
SD = .94 .185 
t(1384) = 1.87, 
p = .062  
(α = .020) 
It’s important to me 
that I improve my 
skills this year. 
M = 4.12, 
SD = .91 
M = 4.07, 
SD = .96 .053 
t(1382) = .618, 
p = .537  
(α = .041) 
Average of  
Mastery-goal 
Orientation items 
M = 4.06, 
SD = .74 
 
M = 4.01, 
SD = .79 .065 
t(1368) = .68, 
p = .497  
(α = .037) 
I'm certain I can 
master the skills 
taught in class this 
year. 
M = 3.99, 
SD = .94 
M = 3.78, 
SD = .99 .217 
t(1385) = 2.27, 
*p = .019  
(α = .011) 
I'm certain I can 
figure out how to 
do the most 
difficult class work 
M = 3.86, 
SD = 1.06 
 
M = 3.68, 
SD = 1.03 .172 
t(1381) = 1.88, 
p = .060  
(α = .017) 
I can do almost all 
the work in class if 
M = 4.13, M = 4.03, .104 t(1383) = 1.19, 
p = .236 (α 
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I don't give up SD = .96 SD = .96 = .028) 
Even if the work is 
hard, I can learn it. 
M = 4.24, 
SD = .74 
M = 4.11, 
SD = .89 .159 
t(1380) = 1.61, 
p = .108  
(α = .026) 
I can do even the 
hardest work in this 
class if I try 
M = 4.11, 
SD = .91 
 
M = 4.02, 
SD = .96 .096 
t(1379) = 1.06, 
p = .288  




M = 4.07, 
SD = .81 
 
M = 3.93, 
SD = .83 .171 
t(1362) = 1.86, 
p = .063  
(α = .022) 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
Learner self-rating of completion confidence 
The third section of the questions (Table 3) consisted of a single question asking 
respondents to assess whether they are likely to complete the course according to the pace set by 
the instructor. It is worth pointing out that all students had access to the course schedule from 
the main course page, prior to joining the course. For this question, the results showed that 
students taking the pre-course survey who completed the course self-rated higher (M = 7.27, SD 
= 2.10) than did those who did not complete the course (M = 6.41, SD =2.26), t(1354) = 4.15, p 





Comparison of Students’ Self-Rating on Possibility of Course Completion 





Self-rated Score in 
Course Completion M = 7.27, SD = 2.10 M = 6.41, SD = 2.26 
t(1354) = 4.15, 
**p < .001  
(α = .002) 
 
Motivational Items and Final Scores 
A multiple linear regression using the backward selection method was conducted to 
predict final scores based a combination of features of learner motivation and learners’ 
demographic information. The motivational variables consisted of 10 enrollment reasons, 
academic efficacy, mastery-goal orientation, self-rated confidence in completion; demographic 
variables include gender, language background, and professional background.  
The final model including four predictor variables produced R2 = .036, F(4,  1224) = 
11.545, p < .001. As can be seen in Table 4, “Course is offered by a prestigious university” is 
negatively and significantly correlated with the final score; “Curious to take an online course”, 
and “Supplement other college/university class” are negatively correlated with the final score 
and are marginally significant; whereas self-rated confidence in course completion is positively 




Table 4.  
Multiple Linear Regression Analysis on Final Scores  
 Predictors B SE β t p value 
 Course is offered by a 
prestigious university -.015 .008 -.066 -2.056 .040 
 Curious to take an 
online course -.012 .007 -.053 -1.718 .086 
 Supplement other 
college/university class -.013 .007 -.059 -1.891 .059 
 Self-rated confidence in 
course completion .022 .004 .170 5.849 <.001 
Constant .076 .031  2.483 .013 
Model obtained by multiple regression analyses (backward) 






Discussion: Study 1 – Course Iteration 1 
 
Although MOOC participants represent a diverse population of learners with a diverse 
range of motivations, there may be important common features among subgroups of MOOC 
students. The low retention rate observed across different MOOC platforms is an important 
phenomenon, and understanding it will help us better understand MOOCs (again, with the 
caveat that not all MOOC learners have the goal of completing a course; low course completion 
may indicate that MOOCs are not used like courses, rather than indicating they are doing a bad 
job as courses). The present project took a step toward better understanding the relationships 
between MOOC learner motivation and completion rates, employing well-known measures of 
motivation such as PALS as well as MOOC-specific motivational items to study the differences 
between students who complete the course and those who do not. Overall, results showed that 
this combination of survey measures can be useful for studying students’ motivational directions 
early in a MOOC. Particularly, this present study extended the knowledge of course completers 
versus learners opting not to complete the course. 
Firstly, from the results from of MOOC-specific items (Table 1), it appears that students 
who are particularly motivated by the new and unique aspects of MOOCs as a new platform of 
learning are less likely to complete the course according to the pace set by the instructor. As 
shown in Table1, non-completers rated higher on items such as “Course is offered by a 
prestigious university”, “Geographically isolated from educational institutions”, and “Cannot 
afford to pursue a formal education”, when asked their reasons for enrolling in this course. 
These items address benefits of MOOCs as a platform, regardless of the specific course content 
area. It is possible that many MOOC participants were first drawn to the platform due to their 
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curiosity about a new platform, or gaining access to previously unavailable materials from a 
prestigious university in an inaccessible location, rather than being primarily interested in the 
content area of the course. Since registering for a MOOC on Coursera only requires a single 
mouse click, many participants who registered for the course might not have thought through 
whether they will have the suggested amount of time and background to undertake the course. 
In some extreme cases, participants who register for a course might actually be clicking a link in 
an email advertisement, making it easy to press the “join” button without even reading the 
introduction page for that specific course. While it is commendable that MOOCs make it easy to 
join a course, it probably does not benefit students or instructors for unprepared students to start 
(and drop out of) an advanced graduate-level course. The apparent high enrollment is 
impressive, but the high dropout makes MOOCs look less effective than they are. Thereby, it 
may be appropriate to ask prospective students to read through the course introduction page 
before they can access the “join” button, in order to avoid impulsive registrations likely to lead 
to poor experiences for some students.  
Secondly, results from the PALS-scale items implied that mastery-goal orientation and 
levels of academic efficacy might not serve as useful predictors of whether a learner will 
successfully complete the course or not. Only one out of the 12 items in the two PALS subscales 
showed a statistically significant effect when comparing completers and non-completers, and 
neither subscale is significant overall. One way of interpreting the finding about mastery-goal 
orientation is that there are few differences because students in MOOCs generally have mastery 
goals. Given the relatively low tangible rewards of this MOOC – little potential for formal credit 
– it is perhaps unsurprising that most students come to the MOOC with mastery goals. However, 
the finding for academic efficacy was somewhat surprising, since efficacy is often correlated 
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with learning success. One possible explanation is that the efficacy items chosen were overly 
general, and there would have been an effect if items had more specifically discussed skills 
relevant to the course. Bandura (1982) has noted that self-efficacy is often very domain-specific. 
Evidence for this possibility is shown by the strong relationship between student expectations of 
course completion, and course completion.  Another possibility is that the concept of “course 
completion” might have a different meaning in a MOOC environment than in other learning 
contexts. In traditional distance-learning courses, where a student (or someone) pays to take a 
course and obtain credit, “course completion’ was adopted as a key and often predominant 
factor in evaluating both student performance (e.g., Picciano, 2002; Terrell, 2002) and course 
effectiveness (e.g., Nash, 2005; Aragon & Johnson, 2008). In comparison, “course completion” 
for MOOCs is only one metric applied in an effort to understand the learning activities that 
occurred within and around the course. According to connectivism learning theory, learning 
activities can be highly fragmented, and many key activities occur outside the main platform 
(Siemens, 2005). As a result, the difference between completers and non-completers in MOOCs 
should be interpreted carefully since some of the non-completers might be downloading all 
learning materials and conducting the entirety of their learning activities outside the Coursera 
platform, learning all the materials but not officially “completing” the course. Some students 
even may be watching videos as groups, resulting in only some students’ activity being logged. 
Thirdly, results of the self-rated completion confidence showed that students who 
actually completed the course self-rated higher on their belief that they would complete the 
course, even at the beginning of the course (the first week of the course, prior to the first 
homework assignment’s due date). The students who expected to finish the class were not 
always correct, but in general students who thought they would complete the class were more 
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likely to do so, compared to students who did not think they would complete the class. This 
suggests that students’ self-assessment of their probability of completing a course at the 
beginning of the course can be a good indicator for the actual course completion, some of which 
may be due to students enrolling in the class with no desire of finishing it. 
Overall, these results suggest that as Kizilcec and colleagues (2013) hypothesized, the 
different behaviors seen by different students stem from different goals, which also echoes the 
essence of connectivism theory that online learners present evolving diversity in the ever-
changing landscape of online learning environments (Siemens, 2005). By further studying how 
motivation influences student outcomes in MOOCs, we can enhance MOOCs to make them 
more effective for all the learners who choose to use them. 
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Result: Study 1- Course Iteration 2 
 
Intention and completion. 
A chi-square test of independence was performed to examine the relation between intention 
to earn a certificate and the actual certificate attainment. The relationship between these two 
variables was significant, χ2 (1, N = 1232) = 7.879, p < .01, indicating that intention is 
associated with completion. 
Table 5.  
Results of Chi-square Test between types of learner intention and course completion  




 Certificate Earners 
Non-Certificate 
Intenders 
894 (72.6%)  80 (6.5%) 
Certificate 
Intenders 
222 (18.0%)  36 (2.9%) 
χ2 = 7.879, df = 1. *p < .01 
 
Of the 20.9% of students who intended to complete the course, 14.0% of those students 
actually completed the course and 86.0% of them did not complete the course. Of the 79.1% of 
students who did not intend to complete the course, 8.2% of those students actually completed 




Comparison between certificate intenders and non-intenders on motivational factors 
Academic efficacy, mastery-goal orientation and performance-goal orientation were 
found to be statistically significantly different between certificate intenders and non-certificate 
intenders. Among the five motivational factors, 3 out of 5 were found to be statistically 
significant: Academic Efficacy, t(489) = 3.048, p = .003 (α = .015), d = .238; Mastery-Goal 
Orientation, t(623) = 6.826, p <.0001 (α = .0005); and Performance-Goal Orientation, t(415) = 
3.824, p <.0001 (α = .01), d = .307. The degrees of freedom varied, test-by-test, depending on 
the number of subjects who answered the items on each scale. 
Grit, t(254) = 1.476, p = .141 (α = .035), d =.180, and need for cognition, t(211) = -.605, 
p = .546 (α = .045), d = .088, were not statistical significantly different between students who 
intended to obtain a certificate and students who did not intend to obtain a certificate. 
Table 6.  
Comparison of motivational scales between certificate intenders and non-certificate intenders  
 Certificate Intention  
Survey Items No Yes t-test,  p-Value (α level adjusted ) 
Grit M = 3.168, 
SD = .378 
M = 3.236, 
SD = .335 
t(254) = 1.476, 
p = .141 (α = .035) 
Academic Efficacy M = 3.952, 
SD = .797 
M = 4.139, 
SD = .776 
t(489) = 3.048, 
**p = .003 (α = .015) 
Mastery-Goal 
Orientation 
M = 3.963, 
SD = .856 
M = 4.345, 
SD = .648 
t(623) = 6.826, 
**p <.0001 (α = .0005) 
Performance-Goal 
Orientation 
M = 1.804, 
SD = .966 
M = 2.128, 
SD = 1.136 
t(415) = 3.824, 
**p <.0001 (α = .01) 
Need for Cognition M = 4.039, 
SD = .591 
M = 3.985, 
SD = .637 
t(211) = -.605, 
p = .546 (α = .045) 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
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Figure 2. Mean values of motivational variables, comparing between learners who intended to 
earn a certificate and those who did not
 
Comparison between certificate earners and non-certificate earners on motivational 
factors 
Grit, t(254) = 2.005, p = .046 (α = .03), was marginally significantly associated with 
obtaining a certificate, with a moderately large effect size (Cohen’s d = .528), while both 
Mastery-Goal Orientation, t(145) = 1.435, p = .039 (α = .025)  d = .307, and Performance-Goal 
Orientation, t(145) = -1.038, p = .005 (α = .02), d = .369 were statistically significantly 
associated with obtaining a certificate. Specifically, certificate earners scored higher on Grit and 
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Mastery-Goal Orientation but lower on Performance-Goal Orientation. Academic efficacy, 
t(142) = -1.751, p = .144 (α = .04), d = .212, and need for cognition, t(26) = -1.540 , p = .605 (α 
= .05), d = .122, did not show statistically significant differences between students who 
completed the course and those who did not.   
 
Table 7.  
Comparison of motivational scales between certificate earners and non-certificate earners  
 
 Earned a Certificate or Not  
Survey Items No Yes T-Test,  p-Value (α level adjusted ) 
Grit M = 3.184, 
SD = .364 
M = 3.355, 
SD = .277 
t(254) = 2.005, 
*p = .046 (α = .03) 
Academic Efficacy M = 4.025, 
SD = .794 
M = 3.858, 
SD = .794 
t(142) = -1.751, 
p = .144 (α = .04) 
Mastery-Goal 
Orientation 
M = 4.071, 
SD = .818 
M = 4.309, 
SD = .729 
t(145) = 1.435, 
*p = .039 (α = .025) 
Performance-Goal 
Orientation 
M = 1.934, 
SD = 1.044 
M = 1.585 
SD = .835 
t(145) = -1.038, 
**p = .005 (α = .02) 
Need for Cognition M = 4.027, 
SD = .599 
M = 3.948, 
SD = .692 
t(26) = -1.540, 
p = .605 (α = .05) 
Note. Boldface indicates items with statistically significant between these two groups.  












Figure 3. Mean differences of motivational factors between those who earned a certificate and 




Grit and earning a certificate 
As a follow-up, a logistic regression analysis was conducted to test whether grit can 
predict whether a learner earns a certificate or not while controlling learner intention. A test of 
the full model against a constant only model was statistically significant, χ2 (2) = 7.676, p 
= .022, indicating that grit scores and intention types together as a set distinguished between 
learners who earned a certificate and those who did not. The Wald test results showed that Grit, 
χ2 (1) = 3.481, p = .062, and intention types, χ2 (1) = 3.272, p = .070 were individually each 
marginally statistically significant within the combined model. Their strength of association was 
approximately the same, but the magnitude of effect, shown by the B coefficients, was larger for 
grit than certificate intent.  
Table 8.  
Logistic Regression Analysis of Earning a Certificate or Not from Grit and Intention Types 
Covariates B S.E. Wald df P Value Exp(B) 
 Grit 1.410 .756 3.481 1 .062 4.096 
Certificate Intent .900 .498 3.272 1 .070 2.460 







Discussion: Study 1- Course Iteration 2 
Intention is related to completion.  
Consistent with past studies examining the relation between intention and behavior (e.g. 
Orbell & Sheeran, 1998), a learner’s intention of earning a certificate is associated with whether 
the student actually did earn a certificate in this MOOC. However, there remains a gap between 
intention and behavior in this MOOC setting, which matches the previous findings in (Sheeran, 
2002). Learners who did not earn certificates despite their intention to earn certificates were 
more common than learners who earned certificates even if they did not intend to do so. It 
appears that many of the learners who earned certificates without intending to do so were high 
in grit. Fully understanding this pattern of results is an important topic for future work; we 
discuss this further below. Correspondingly, many learners did not intend to complete the course 
and did not do so – what were their goals? Developing a typology of the types of learners who 
never intend to complete MOOCs will be an important step towards understanding these 
learners in their full complexity and serving their learning needs as effectively as possible.  
Academic efficacy and goal orientation are associated with intention.  
Students who intended to obtain a certificate differ from students who did not intend to 
obtain certificates in terms of both mastery goals and performance goals. Specifically, students 
who intended to obtain certificates were likely to be higher both in mastery-goal orientation 
AND performance-goal orientation than students who did not intend to obtain certificates.  
Grit was not significantly different between the students who intended to complete the 
course, and the students who did not intend to complete the course (despite the relationship 
between grit and course completion).  But academic efficacy was higher for learners who 




Need for cognition was not significantly different between the students who intended to 
complete the course and those who did not. Both of these groups of students rated NFC highly. 
This result is somewhat expected since learners voluntarily decide to take a MOOC and gain 
little extrinsic benefit from doing so, compared to many other activities that they could choose. 
Therefore, it is plausible that all MOOC learners would exhibit a strong need for cognition.   
 
Grit and earning a certificate.  
Certificate earners showed marginally significantly higher grit than students who did not 
earn certificates, with a fairly large effect size. A follow-up analysis showed that grit and 
intention independently predict whether or not a learner earns a certificate. It is interesting to 
note that grit was associated with completion even though it was not associated with intention. 
One possible interpretation of this result is that not all gritty learners intend to complete the 
course, but that their grit leads them to do so anyways. Once the learner starts the activity, their 
drive to complete what they start overrides their initial intention.  For instance, it is possible that 
some high-grit learners intend to study only a sub-section of the course, but that their grit led 
them to study the rest as well. Collecting qualitative data on these learners’ experience may help 
us to better understand why these learners do choose to complete the course, despite their initial 
plans and intentions.  
 
Other aspects of motivation and earning a certificate.  
Both mastery goals and performance goals were significantly different between 
certificate earners and students who did not earn certificates. Specifically, certificate earners 




students who did not earn certificates rated the performance-goal orientation sub-scale higher 
than certificate earners. However, both certificate earners and non-certificate earners scored low 
on the performance-goal orientation sub-scale. It is worth noting that performance goals were 
positively associated with certificate intention but negatively associated with actual completion. 
It is possible that some learners who intend to earn a certificate might wish to do so in order to 
demonstrate his or her capability and obtaining favorable judgments from others. It is also 
possible that performance-avoidance goals, the goal of avoiding failure, may have played a role 
in the lower completion; the PALS scale used does not distinguish between these two types of 
performance goals. By contrast, the actual outcome of completing a course and earning a 
certificate may require the goal of achieving mastery. Fully understanding the relationship 
between goal orientation and course completion in MOOCs will likely require further research 
with an instrument that makes the distinction between types of performance goals.   
Academic efficacy was not found to be statistically significantly different between 
students who earned certificates and students who did not earn certificates. Instead, both 
certificate earners and non-earners generally have high academic efficacy. The lack of a finding 
here is somewhat surprising since past studies in other learning settings have found that higher 
academic efficacy is associated with higher learning outcomes (e.g. Multon et al., 1991). But as 
pointed out in other articles (Brewlow et al., 2013), many students learn in MOOCs but choose 
not to complete the course.   
There was also not a significant difference in need for cognition between certificate 
earners and students who did not earn certificates. The same lack of finding was seen for 
intention. MOOC learners generally rated need for cognition highly, regardless of whether they 




As such, goal orientation and grit appeared to be associated with MOOC completion, but 
other motivational variables did not seem to have that same relationship. 
Findings from Study 1 should, however, be interpreted with caution in terms of their 
external validity due to the self-selection biases in who chose to respond to the survey. It is 
important to recognize that respondents who chose to respond to the survey may not fully 






Method Study 2 – Within-Course Behavioral Analyses 
Overview 
 The second study of this dissertation comprises 2 sets of analyses that examine the link 
between the within-course behavior and various aspects of motivation reflected in the pre-
course survey.  
Procedure 
   Within-Course Interaction. Clickstream data from the system logs enabled the creation of 
variables on learners’ interaction with the components of the course environment. In the present 
analysis, four types of student-level interaction in four types are examined: lecture videos, page 
views, discussion forums, and assignments.  
    Page Views. Page views constitute the first type of interaction variable of interest. The 
total number of times each student viewed a page has been calculated. In addition to the global 
variable reflecting the number of times a student accessed a course page, weekly counts of the 
page viewing activities were also included. Among the course pages, the syllabus page contains 
information regarding the course workload and requirement toward completing the course, one 
key outcome in the present study. Therefore, a variable representing how many times a student 
accessed the course’s syllabus page was also included.  
   Lecture Videos. Secondly, variables representing learner interaction with lecture videos 
were included. First, a global variable calculating the total number of times a student interacted 
with any lecture video were computed. An interaction consists of starting, pausing, rewinding, or 
stopping a video, as well as changing the video speed. In addition, how many times a student 




months after the course officially concluded, were also included.  
   Discussion Forums. Discussion forums constitute another source of student interaction 
with the course. To differentiate types of forum interactions, the following variables for the 
following forum actions were computed: the number of times a student accessed and read a 
forum post, posted a new message, responded to an existing message, up-voted a message, or 
down-voted a message. For each of these five types of variables, a total number of actions taken 
during the entire duration covered by the log data, totals for each course-offering week for all 8 
weeks, and a count of interaction in the 3 months after the course officially concluded were 
included.  
   Assignment Submissions. Since the course was designed to allow students to attempt the 
assignments multiple times, how many times a student attempted to submit an assignment was 
also calculated. As above, a variable covering the entire course duration, weekly counts for all 8 
weeks, plus a count of submissions in the 3 months after the course concluded were included.  
5 Behaviors. In addition to the interaction-based variables, 5 behaviors were also 
computed as 5 binary variables from the clickstream data. In this study, whether or not the 
student watched at least 3 videos was used as a cut-off in defining the 5 behaviors. The rationale 
of choosing 3 videos as a threshold was partly due to the fact that 3 videos represent about half 
of one week’s learning content. Thereby, watching 3 videos was chosen as a threshold to 
indicate access of content beyond the very minimum level. In future studies, we may test 
whether 3 or another number is the most appropriate as a threshold to answer relevant research 
questions.  




were coded as 1 = belonging to this type; the rest were coded as 0.  
Behavior 2. Learners who only watched from the first 3 videos were coded as 1 = 
belonging to this type; the rest were coded as 0.  
Behavior 3. Learners who watched 1 to 3 videos in total but skipped watching the first 3 
videos were coded as 1 = belonging to this type; the rest were coded as 0. 
Behavior 4. Learners who watched at least the first 3 videos were coded as 1 = 
belonging to this type; the rest were coded as 0.  
Behavior 5. Learner who watched more than three videos and skipped the first 3 videos 
were coded as 1 = belonging to this type; the rest were coded as 0.  
 
Analysis  
The 5 behaviors were computed and merged with the motivational survey dataset. 5 sets 
of independent t tests were conducted to compare how students belonging to each of the 5 
behavioral categories differed in terms of their various motivational aspects and their 
assignment scores among survey respondents. As above, Benjamini & Hochberg’s (1995) false 




Result: Study 2 
The second study of this dissertation consists of 5 groups of independent t-tests to 
compare how learners belonging to each behavioral category differ from the rest in terms of 
their motivational survey responses among survey respondents. The 5 behavioral categories are 
computed from the subset of the learners who watched at least one video. Since lecture videos 
are a key course component for learning in a MOOC, Study 2 looked into 5 types of behaviors 
based on how much video a user watched and whether they watched videos from the beginning.  
 
Behavior 1: Learners who watched more than 3 videos and did not complete the course 
The independent t-tests comparing learners of Behavior 1 to everyone else in terms of 
their survey responses show that ratings on 4 items are statistically significant: “Course is 
offered by a prestigious university”, t(1381) = -3.397, p<.0001 (α = .0007), “Curious to take an 
online class”, t(1365) = -3.019, p = .003 (α =  .008),  d = -.018, “Want a credential to enhance 
my CV/resume”, t(1379) = -2.433, p = .015 (α =  .011) “Cannot afford to pursue a formal 
education”, t(1368) = -2.989, p = .003 (α = .009), d=-.165. Behavior 1 learners are less 







Table 9.  
Results of t-tests and Descriptive Statistics for Survey Items by Behavior 1 
Outcome Groups    
 Behavior 1  The Rest    






t value (df) 
Think the 
course will be 
fun and 
enjoyable 
3.34 1.08  3.31 1.12 .027 
.635  
(α = .039) 
t(1375) = .475 
Subject relevant 
to my academic 
field of study 
3.68 1.32  3.72 1.27 -.031 
.559  
(α = .038) 
t(1379) = -.584 
Class teaches Skill 
that will help my 
job/career 
4.05 1.04  4.05 1.01 -.001 
.951  
(α = .048) 
t(1388) = -.061 
Course is 




2.91 1.26  3.14 1.24 -.018 
**<.0001 
 (α = .0007) 
t(1381) = -3.397 
Curious to 
take an online 
course 
2.44 1.28  2.66 1.39 -.165 
**.003  
(α =  .008) 





2.54 1.34  2.71 1.40 -.124 
*.015  
(α =  .011) 




2.14 1.31  2.27 1.35 -.010 
.061  
(α = .015) 
t(1376) = -1.874 




4.30 .87  4.39 .76 -.011 
.033  
(α = .013) 









1.98 1.32  2.05 1.38 -.052 
.325  
(α = .032) 
t(1373) = -2.22 
Cannot afford 
to pursue a 
formal 
education 
2.07 1.34  2.30 1.43 -.166 
*.003  
(α = .009) 
t(1368) = -2.989 
Mastery-Goal 
Orientation 4.01 .76  4.02 .80 -.013 
.717  
(α = .041) 
t(1372) =-.362 
Academic 
Efficacy 3.92 .82  3.96 .84 -.048 
.297  
(α = .030) 





6.58 2.20  6.41 2.31 .075 
.179  
(α = .021) 
t(1358) = 1.344 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
The independent t-tests comparing learners of Behavior 1 to everyone else in terms of 
their assignment scores showed that learner of Behavior 1 received a statistically significantly 
lower score compared to the rest for their final score as well as weekly scores from week 2 to 








Results of t-tests and Descriptive Statistics for Assignment Scores by Behavior 1  
Outcome Groups    
 Behavior 1  Others    




t value (df) 
Week 1 .013 .031  .012 .030 .033 
.314 
(α = .042) 
t(2084) = 1.01 
Week 2 .067 .222  .131 .325 -.230 
**<.001 
(α = .039) 
t(2048) = -5.33 
Week 3 .031 .163  .131 .332 -.382 
**<.001 
(α = .037) 
t(1783) = -9.05 
Week 4 
 
.017 .118  .134 .337 -.463 
**<.001 
(α = .034) 
t(1515) = -11.09 
Week 5 .007 .074  .137 .341 -.527 
**<.001 
(α = .026) 
t(1308) = -12.65 
Week 6 .004 .046  .117 .306 .516 
**<.001 
(α = .027) 
t(1235) = -12.55 
Week 7 .003 .047  .121 .320 -.516 
**<.001 
(α = .029) 
t(1233) = -12.47 
Week 8 .003 .041  .041 .281 -.190 
**<.001 
(α = .033) 
t(1232) = -11.40 
Final Score .046 .117  .137 .337 -.361 
**<.001 
(α = .038) 
t(1514) = -8.61 
Note. Boldface indicates items with statistically significant between these two groups.  






Behavior 2: Learners who only watched 1-3 videos out of the first 3 
The independent t-tests comparing learners displaying Behavior 2 to everyone else show 
that 1 item is statistically significant: “Curious to take an online class”, t(1370) = 2.677, p = .008 
(α = .009 ), d = .177. Behavior 2 learners are more interested in the enrollment reason, “Curious 
to take an online class”, than the rest of the learners.  
Table 11.  
Results of t-tests and Descriptive Statistics for Survey Items by Behavior 2 
Outcome Groups    
 Behavior Type 2  The Rest 
   






t value (df) 
Think the 
course will be 
fun and 
enjoyable 
3.25 1.14  3.34 1.10 -.080 
.225  
(α = .026) 
t(1375) = -1.214 
Subject 
relevant to my 
academic 
field of study 
3.66 1.35  3.72 1.28 -.046 
.487  
(α = .037) 
t(1379) = -.695 
Class teaches 
Skill that will 
help my 
job/career 
4.04 1.05  4.05 1.02 -.011 
.825  
(α = .044) 
t(1388) = -.221 
Course is 




3.10 1.252  3.01 1.253 .072 
.301  
(α = .031) 




2.74 1.38  2.50 1.33 .177 
*.008  
(α = .009 ) 








2.69 1.41  2.61 1.36 .058 
.409  
(α = .035 ) 





2.28 1.36  2.19 1.32 .067 
.352  
(α = .034) 





4.41 .74  4.33 .83 .102 
.131  
(α = .018) 






2.02 1.35  2.02 1.36 -.001 
.990  
(α = .049) 
t(1373) = -.012 
Cannot afford 
to pursue a 
formal 
education 
2.30 1.44  2.17 1.38 .092 
.167 
(α = .020) 
t(431) = 1.384 
Mastery-Goal 
Orientation 3.96 .85  4.03 .77 -.086 
.163  
(α = .019) 
t(1372) =-1.396 
Academic 
Efficacy 3.86 .85  3.96 .82 -.120 
.054  
(α = .014) 





6.23 2.16  6.56 2.28 -.149 
.114  
(α = .016) 
t(1358) = -2.204 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
The independent t-tests comparing learners of Behavior 2 to everyone else in terms of 
their assignment scores showed that learner who displayed Behavior 2 received a statistically 
significantly lower score compared to the rest for their final score as well as all weekly scores 










Results of t-tests and Descriptive Statistics for Assignment Scores by Behavior 2 
Outcome Groups    
 Behavior 2  Others    




t value (df) 
Week 1 0 0  .016 .033 -.686 
**<.001 
(α = .001) 
t(1646) = -19.31 
Week 2 0 0  .130 .316 -.582 
**<.001 
(α = .007) 
t(1646) = -16.68 
Week 3 0 0  .11 .306 -.508 
**<.001 
(α = .011) 
t(1646) = -14.65 
Week 4 
 
0 0  .105 .300 -.495 
**<.001 
(α = .013) 
t(1646) = -14.16 
Week 5 0 0  .101 .298 -.480 
**<.001 
(α = .017) 
t(1646) = -13.76 
Week 6 0 0  .085 .265 -.454 
**<.001 
(α = .020) 
t(1646) = -13.11 
Week 7 0 0  .088 .277 -.450 
**<.001 
(α = .023) 
t(1646) = -12.88 
Week 8 0 0  .071 .242 -.415 
**<.001 
(α = .030) 
t(1646) = -11.84 
Final Score 0 0  .123 .296 -.588 
**<.001 
(α = .004) 
t(1646) = -16.90 
Note. Boldface indicates items with statistically significant between these two groups.  










Behavior 3: Learners who watched videos 1 – 3 videos and skipped the first 3 videos 
The independent t-tests comparing learners displaying Behavior 3 to everyone else in 
terms of their survey responses show that 1 item is statistically significant: “Think the course 
will be fun and enjoyable”, t(1375) = -3.084, p = .0002 (α = .006), d = -.758. Behavior 3 
learners are less interested in the enrollment reason, “Think the course will be fun and 
enjoyable”, than the rest of learners.  
 
Table 13.  
Results of t-tests and Descriptive Statistics for Survey Items by Behavior 3 
Outcome Groups    
 Behavior Type 3  The Rest    




 (α level 
adjusted ) 
t value (df) 
Think the 
course will 
be fun and 
enjoyable 
2.38 1.39  3.33 1.10 -.758 
*.0002  
(α = .006) 




field of study 
4.00 .82  3.70 1.30 .276 
.214  
(α = .024) 
t(1379) = .832 
Class teaches 
Skill that will 
help my 
job/career 
4.08 .95  4.05 1.03 .030 
.923  
(α = .046)  
t(1388) = .096 
Course is 




3.15 1.14  3.03 1.25 .100 
.718  
(α = .042) 







1.69 1.18  2.56 1.35 -.686 
.020  
(α = .011) 





2.15 1.46  2.63 1.37 -.339 
.210  
(α = .024) 





1.77 1.17  2.22 1.33 -.359 
.229  
(α = .027) 





4.38 .65  4.35 .82 .041 
.871  
(α = .044) 






1.85 1.34  2.02 1.35 -.126 
.645  
(α = .040) 






1.92 1.38  2.20 1.39 -.202 
.482  
(α = .036) 




3.85 .67  4.02 .79 -.232 
.463  
(α = .036) 
t(1372) =-.734 
Academic 
Efficacy 4.18 .57  3.94 .83 .337 
.310  
(α = .031) 





6.58 2.35  6.49 2.26 .039 
.883  
(α = .046) 
t(1358) = .147 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 




their assignment scores showed that learner of behavior 3 received a statistically significantly 
lower score compared to the rest for their final score as well as all weekly scores from week 1 to 
week 8.  
 
Table 14. 
Results of t-tests and Descriptive Statistics for Assignment Scores by Behavior 3 
Outcome Groups    
 Behavior 3  Others    




t value (df) 
Week 1 0 0  .013 .031 -.593 **<.001 (α = .002) t(2062) = -18.88 
Week 2 0 0  .104 .287 -.512 **<.001 (α = .007) t(2062) = -16.41 
Week 3 0 0  .088 .277 -.450 **<.001 (α = .012) t(2062) = -14.46 
Week 4 
 0 0  .084 .272 -.437 
**<.001 
(α = .014) t(2062) = -14.00 
Week 5 0 0  .081 .270 -.424 **<.001 (α = .018) t(2062) = -13.60 
Week 6 0 0  .068 .239 -.402 **<.001 (α = .021) t(2062) = -12.97 
Week 7 0 0  .070 .250 -.396 **<.001 (α = .024) t(2062) = -12.75 
Week 8 0 0  .056 .218 -.363 **<.001 (α = .032) t(2062) = -11.74 
Final Score 0 0  .100 .270 -.524 **<.001 (α = .006) t(2062) = -16.61 
Note. Boldface indicates items with statistically significant between these two groups.  






Behavior 4: Learners who watched at least the first 3 videos 
The independent t-tests comparing learners displaying Behavior 4 to everyone else in 
terms of their survey responses show that 7 items are statistically significant: “Course is offered 
by a prestigious university” t(1381) = -5.343, p = .001 (α = .0014), d = -.291, “Curious to take 
an online course”, t(1370) = -4.946, p = .001 (α = .002), d =-.275, “Want a credential to enhance 
my CV/resume”, t(1085) = -3.496, p = .001 (α = .003), d = -.196, “Supplement other 
college/university class”, t (1107) = -4.083, p = .001 (α = .004), d = -.225, “Geographically 
isolated from educational institutions”, t(1071) = -3.054,  p = .002 (α = .007), d = -.168,  
“Cannot afford to pursue a formal education”, t(1055) = -4.964, p=.001  (α = .004), d = -.279, 
“Self-Rated Confidence in Course Completion”, t(1358) = 4.185, p = .007 (α = .008), d = .230. 
Behavior 4 learners are less interested in all 7 above-mentioned enrollment reason than the rest 
of learners. However, they rated higher on their self-rated confidence in course completion than 
the rest of learners.  
 
Table 15.  
Results of t-tests and Descriptive Statistics for Survey Items by Behavior 4 
Outcome Groups    
 Behavior Type 4  The Rest 
   






t value (df) 
Think the 
course will be 
fun and 
enjoyable 
3.32 1.09  3.33 1.13 -.010 
.956  
(α = .049) 







field of study 
3.67 1.32  3.75 1.24 -.062 
.259  
(α = .029) 
t(1210) = -1.145 
Class teaches 
Skill that will 
help my 
job/career 
4.05 1.03  4.05 1.02 -.001 
.998  
(α = .05) 
t(1388) = -.002 
Course is 












2.41 1.29  2.78 1.40 -.275 
**.001  
(α = .002) 





2.52 1.33  2.79 1.43 -.196 
**.001  
(α = .003) 





2.09 1.29  2.39 1.37 -.225 
**.001  
(α = .004) 
t(1107) = -4.083 




4.32 .84  4.39 .77 -.087 
.159  
(α = .019) 






1.93 1.30  2.16 1.43 -.168 
**.002 
 (α = .007) 






2.04 1.32  2.43 1.47 -.279 
**.001 
 (α = .004) 
t(1055) = -4.964 
Mastery-Goal 
Orientation 4.01 .77  4.02 .81 -.013 
.808  






Efficacy 3.94 .83  3.942 .84 -.002 
.941 
(α = .047) 





6.69 2.21  6.17 2.31 .230 
**.007 
 (α = .008) 
t(1358) = 4.185 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
The independent t-tests comparing learners of Behavior 4 to everyone else in terms of 
their assignment scores showed that learner of Behavior 4 received a statistically significantly 
higher score compared to the rest for their final score as well as all weekly scores from week 1 to 






Results of t-tests and Descriptive Statistics for Assignment Scores by Behavior 4 
Outcome Groups    
 Behavior 4  Others    




t value (df) 
Week 1 .022 .038  .0005 .006 .790 **<.001 (α = .003) 
t(1238) = 
19.28 
Week 2 .180 .359  .006 .071 .672 **<.001 (α = .010) 
t(1276) = 
16.06 




 .144 .345  .005 .068 .559 
**<.001 
(α = .019) 
t(1275) = 
13.39 
Week 5 .139 .343  .005 .067 .542 **<.001 (α = .022) 
t(1274) = 
12.99 
Week 6 .118 .306  .004 .063 .516 **<.001 (α = .028) 
t(1248) = 
12.50 
Week 7 .120 .318  .006 .070 .495 **<.001 (α = .031) 
t(1303) = 
11.90 
Week 8 .096 .279  .005 .063 .450 **<.001 (α = .036) 
t(1309) = 
10.83 
Final Score .170 .336  .006 .069 .676 **<.001 (α = .009) 
t(1283) = 
16.18 
Note. Boldface indicates items with statistically significant between these two groups.  






Behavior 5: Learners who watched more than 3 videos and skipped the first 3 videos 
The independent t-tests comparing learners displaying Behavior 5 to everyone else in 
terms of their survey responses show that 1 item is statistically significant: “Extending current 
knowledge of the topic”, t(1385) = 2.504, p = .001 (α = .006), d = .710. Behavior 5 learners are 
more interested in the enrollment reason, “Extending current knowledge of the topic”, than the 
rest of learners.  
Table 17.  
Results of t-tests and Descriptive Statistics for Survey Items by Behavior 5 
Outcome Groups    
 Behavior Type 5  The Rest 
   






t value (df) 
Think the 
course will 
be fun and 
enjoyable 
2.95 1.28  3.33 1.10 -.318 
.128  
(α = .017) 




field of study 
4.25 1.07  3.70 1.29 .464 
.057  
(α = .014) 
t(1379) = 1.908 
Class teaches 
Skill that will 
help my 
job/career 
4.45 .83  4.04 1.03 .438 
.079  
(α = .016) 
t(1388) = 1.757 
Course is 




3.40 1.19  3.02 1.25 .311 
.182  
(α = .022) 







2.71 1.36  2.55 1.35 .118 
.640  
(α = .039) 





2.90 1.48  2.63 1.37 .189 
.375  
(α = .034) 




2.55 1.57  2.21 1.33 .234 
.252  
(α = .028) 




of the topic 
4.80 .41  4.34 .82 .710 
**.001  
(α = .006) 






2.30 1.59  2.01 1.35 .197 
.349  
(α =.033 ) 






2.71 1.82  2.19 1.38 .322 
.199  
(α = .023) 




4.21 .85  4.01 .78 .245 
.265  
(α = .029) 
t(1372) = 1.115 
Academic 
Efficacy 4.01 .91  3.94 .83 .080 
.708  
(α = .041) 





5.83 2.36  6.50 2.26 -.290 
.217  
(α = .026) 
t(1358) = -1.236 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
The independent t-tests comparing learners of behavior 5 to everyone else in terms of 




lower score compared to the rest for their week 1 assignment score. No statistically significant 







Table 18.  
Results of t-tests and Descriptive Statistics for Assignment Scores by Behavior 5 
Outcome Groups    
 Behavior 5  Others    




t value (df) 
Week 1 .006 .020  .013 .031 -.268 *.06 (α = .004) t(2084) = -1.93 
Week 2 .102 .291  .103 .286 -.003 .99 (α = .05) t(2084) = -.005 
Week 3 .090 .266  .087 .276 -.011 .96 (α = .049) t(2084) = .056 
Week 4 
 .116 .230  .082 .270 -.136 
.48 
(α = .046) t(2084) = .695 
Week 5 .115 .297  .079 .268 -.127 .46 (α = .044) t(2084) = .738 
Week 6 .091 .248  .067 .238 -.099 .57 (α = .047) t(2084) = .562 
Week 7 .113 .306  .069 .248 -.158 .32 (α = .043) t(2084) = .989 
Week 8 .106 .288  .055 .216 -.200 .19 (α = .041) t(2084) = .132 
Final Score .118 .298  .097 .267 -.074 .66 (α = .048) t(2084) =.438 
Note. Boldface indicates items with statistically significant between these two groups.  




Discussion: Study 2 
The five groups of independent t-tests reveal how each category of the 5 behavioral 
types may link to the different motivational aspects included in the pre-course survey. They 
represent 5 behavioral thresholds in addition to just looking at course completion alone. 
Behavior 1 is a sub-category of non-completers who watched more than 3 videos; Behavior 2 
and Behavior 4 looked into learners who watched videos at least one video from the first 3; 
Behavior 3 and Behavior 5 investigated learners who skipped the first 3 introductory videos.  
 
1. Non-completers who watched more than 3 videos 
Behavior 1: Learners who watched more than 3 videos & did not complete the 
course. Behavior 1 represents a group of non-completing students with more than minimal 
amount of video watching activity. This behavior was computed to look into motivations of 
non-completers who have watched more than 3 videos. This behavior is the only one out of the 
5 that considers the factor of completing the course or not.  
The 4 enrollment reasons Behavior 1 learners showed statistically significant higher 
interests in, “Course is offered by a prestigious university”, “Curious to take an online class”, 
“Want a credential to enhance my CV/resume”, and “Cannot afford to pursue a formal 
education”,  are all somewhat related to the novelty of the MOOC platform. This is similar to 
the result when comparing completers and non-completing in terms of their motivational aspects. 
The only item that came out significant when comparing completers and non-completers but 
was not significant in this group of analyses is “Geographically isolated from educational 




Category 1 and the rest of the students in terms of their motivational aspects are similar to those 
between completers and non-completers.  
 
2. Learners who started from the introductory videos 
Behavior 2: Watched videos from the first 3 & did not watch more than 3 videos. 
The only motivational item that was significant for this category is “curious to take an online 
course”. Learners displaying Behavior 2 are more likely to enroll in this MOOC due to their 
curiosity to take an online course. Curiosity refers to to an interest-triggered motivational state 
associated with exploration (Kashdan & Silvia, 2009). Learners in this group could be those 
who were drawn to enroll in this course mostly due to their interests in the MOOC platform 
rather than the subject matter of the course. Thus, it is reasonable that some learners in this 
category who are more interested in learning how a MOOC class looks like rather than in the 
subject matter of the course may only watch a few videos in the beginning and discontinue after 
that.  
Behavior 4: Did not skip the first 3 videos & watched more than 3 videos. Learners 
in this group rated lower on 6 motivational items, including “Course is offered by a prestigious 
university” and “Curious to take an online course”, compared to the rest of the learners. These 6 
items are all somewhat related to situational interests relating to the novelty of the MOOC 
platform. This group of learners also rated their confidence in completion higher than the rest of 
the learners. It is plausible that learners who have a higher confidence in course completion are 
more likely to follow the sequence of learning modules since course completion requires 




performance on assignments and in turn can lead to not completing the course.  
 
3. Learners who skipped the introductory videos 
Behavior 3: Skipped the first 3 videos & did not watch more than 3 videos. Learners 
in this group rated the enrollment reason “Think the course will be fun and enjoyable” lower 
than the rest of learners. Many variables may impact how a learner rates this enrollment reason. 
However, given that the survey was sent out prior to the beginning of the course, one aspect that 
could be relevant is learners’ prior knowledge of the subject matter of the course. Kintsch (1980) 
found an inverted U-shaped relationship between levels of prior knowledge and interest, 
meaning that only moderate levels of prior knowledge are associated with higher levels of 
interest. According to this theory, learners in this group, who skipped the first 3 videos and did 
not persist with the course, will be likely to be those on either extreme of the spectrum of prior 
knowledge.  Students with low levels of prior knowledge may find the course too challenging 
while students with high levels of prior knowledge may find the course unnecessary.  
Behavior 5: Skipped the first 3 videos & watched more than 3 videos. Learners in 
this group rated the enrollment reason “Extending current knowledge of the topic” higher than 
the rest of the learners. Among the 5 groups of comparisons on learner motivational items in 
Study 2, ratings of “extending current knowledge of the topic” were significantly different 
between Behavior 5 learners and everyone else, but were not significantly different for any of 
the other four behaviors. . Relating to theory connecting students’ levels of prior knowledge and 
cognitive interest (Kintsch, 1980), it is plausible that learners with prior knowledge beyond the 




that they already know, such as the first three videos.   
 
Method - Study 3 Post-Course Development 
Overview 
Corresponding to the second research question investigating how a learner’s 
performance and engagement within the course influence their outcomes, study 3 looked into 
both in-course data reflecting learner achievement and engagement in a postgraduate-level 
MOOC as well as post-course career development, The goal of this study is to examine how 
career advancers differ from the rest of learners in terms of their performance and engagement 
within the course.  
Research questions in study 3 were explored within the context of the first iteration of 
BDEMOOC, offered via Coursera. To allow for a reasonably long post-course time window, the 
present study chose to focus on data from the first iteration of the BDEMOOC. The within-
course interaction data was retrieved from the clickstream data. The author has retrieved learner 
post-course development data from relevant databases after obtaining approval from the 
Institutional Review Board at Teachers College, Columbia University. Details of the procedure 
are included below.   
 
Procedure 
  Post-Course Participation. The goal in this analysis is to study the relationship between 




In partnership with members of the relevant scientific societies and under the oversight of the 
Institutional Review Board, the author of the study has been provided with a de-identified 
dataset linking interaction variables to indicators of post-course participation: whether the 
learner joined a relevant scientific society, and whether the learner submitted a paper to a 
relevant conference after taking the MOOC. Thereby, two variables reflecting learner post-
course development were included: Society membership status and paper submitting status.  
Society Membership Status. Learners who have enrolled in the MOOC and later joined 
the International Educational Data Mining Society were coded as 1 = members; learners who did 
not join the society were coded as 0 = non-members. The time window for joining the society 
will be set to start from the end of the course and Spring 2016.  
  Paper Submitting status. During a two-year time range following the conclusion of the 
course in late 2013, three primary conferences in the fields covered in the MOOC had paper 
submission periods: The Seventh International Conference on Educational Data Mining, The 
Eighth International Conference on Educational Data Mining, and The Fifth International 
Learning Analytics & Knowledge Conference.  Learners who submitted papers to any of the 
three conferences were coded as 1 = submitters; learners who did not submit a paper to any of 
conferences were coded as 0 = non-submitters.  
 
Analysis  
Two-sample independent t-tests were conducted (assuming unequal variance in all cases, 
since this assumption was violated in almost all cases) in order to investigate how course 




through joining the society or submitting a paper, and those who did not. As this comprises a 
large number of statistical analyses, Benjamini & Hochberg’s (1995) false discovery rate (FDR) 
method was applied to control for multiple comparisons, as discussed in the analysis section of 
Study 1.  
In addition, Fisher’s exact tests were performed between the 5 behavioral categories and 




Result - Study 3  
Page views 
Table 19 shows the results of comparisons between eventual society members and non-
members on their in-course page view actions. According to the results, eventual members made 
statistically significantly more overall page views, t(47.01) = 4.00, p <.0001 (α = .011), d = .569, 
and viewed the syllabus page more frequently than non-members, t(47.01) = 2.92, p = .005 (α 
= .028), d = .800.  
Table 19.  
Results of t-tests and Descriptive Statistics for Total Page View and Syllabus View by Society 
Members 
Outcome Group    
 Non-Members  Members    










20.30 82.55  184.79 278.96 .800 
***<.0001 




View .67 1.87  3.15 5.87 .569 
**.005 
(α = .028) 
t(47.01) = -
2.92 
Note. Boldface indicates items with statistically significant between these two groups.  







Table 20 shows the results of comparisons between paper submitters and non-submitters 
on their in-course page view actions. 
Paper submitters viewed statistically significantly more pages, t(147.03) = 3.39, p <.001 
(α = .018), d = .800, and also viewed the syllabus more times than non-submitters,  t(147.13) = 
4.01, p = .002 (α = .01), d = .436.  
Table 20.  
Results of t-tests and Descriptive Statistics for Total Page View and Syllabus View by Paper 
Submitters 
Outcome Group    
 Non-Submitters  Submitters    






t value (df) 
Total Page 
View 20.12 79.97  134.03 408.88 .800 
***<.001 









Note. Boldface indicates items with statistically significant between these two groups.  







Table 21 shows the results of comparisons between eventual members and non-
members on their video lecture actions in total and per week. Results show that members 
performed statistically significantly more actions related to viewing lecture videos (including, as 
discussed above, actions such as rewinding or pausing) in total than non-members, t(47.00) = -
4.32, p <.001 (α = .039), d = .611. When examined on a weekly basis, members also conducted 
statistically significantly higher numbers of video watching-related actions than non-members 
from week 1 to week 7. There were no statistically significant differences for actions during 
week 8 and after week 8. 
 
Table 21.  
Results of t-tests and Descriptive Statistics for Video Lecture Viewing by Society Members 
Outcome Group    
 Non-Members  Members    










10.55 58.02  45.31 55.73 .611 ***<.001 (α = .039) t(47.00) = -4.32 
Week 1 1.21 3.88  5.63 6.83 .796 ***<.001 (α = .006) t(47.03) = -4.48 
Week 2 .91 4.14  7.17 13.08 .645 
**.002 
(α = .020) 
t(47.01) = -3.32 
Week 3 .72 4.42  5.52 11.71 .542 
**.007 
(α = .029) 
t(47.01) = -2.84 
Week 4 .72 5.54  3.52 6.47 .465 
**.004 
(α = .026) 




Week 5 .57 5.66  2.81 6.04 .383 
**.013 
(α = .035) 
t(47.08) = -2.57 
Week 6 .72 7.06  3.73 7.38 .417 
**.007 
(α = .030) 
t(47.08) = -2.82 
Week 7 .78 8.84  2.88 5.69 .282 
**.014 
(α =.036 ) 
t(47.22) = -2.56 
Week 8 1.27 25.07  4.69 11.50 .175 
.05 
(α = .05) 
t(47.43) = -2.06 
Post Week 8 3.66 33.49  9.38 23.23 .198 
.10 
(α =. 043 ) 
t(47.19) = 1.70 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
 
Table 22 shows the results of comparisons between eventual paper submitters and non-
submitters on their video lecture actions in total and per week. Results show that submitters 
performed statistically significantly more actions related to viewing lecture videos than non-
members, t(148.41) = 4.94, p<.001 (α = .01), d = .356. When examined on a weekly basis, paper 
submitters also made statistically significantly more video watching-related actions than non-
submitters from week 1 to week 7. There was not a statistically significant difference for actions 






Table 22.  
Results of t-tests and Descriptive Statistics for Lecture Viewing by Paper Submitters 
Outcome Group    
 Non-Submitters  Submitters    
 M SD  M SD Cohen’s d 
p-Value (α 




10.53 58.05  29.14 45.77 .356 
***<.001 
(α = .01) 
t(148.41) = -4.94 
Week 1 1.20 3.88  4.09 5.53 .605 
***<.0001 
(α = .0005) 
t(147.43) = -6.34 
Week 2 .91 4.13  3.96 8.98 .436 ***<.001 (α = .007) t(147.19) = -4.14 
Week 3 .72 4.42  3.22 7.05 .425 ***<.001 (α = .004) t(147.34) = -4.31 
Week 4 .71 5.54  2.79 7.38 .319 
**.001 
(α = .020) 
t(147.79) = -3.42 
Week 5 .56 5.64  3.07 10.24 .304 
**.003 
(α = .024) 
t(147.27) = -2.97 
Week 6 .72 7.06  2.63 6.66 .278 
**.001 
(α = .019) 
t(147.99) = -3.49 
Week 7 .77 8.84  2.25 5.40 .202 
**.001 
(α = .019) 
t(149.35) = -3.31 
Week 8 1.27 25.09  2.78 8.48 .081 
**.033 
(α = .041) 
t(154.76) = -2.15 
Post Week 8 3.66 33.52  4.35 11.49 .028 
.47 
(α = .036) 
t(154.53) = -.72 
Note. Boldface indicates items with statistically significant between these two groups.  









Forum reading actions 
Table 23 shows the results of comparisons between eventual members and non-
members on discussion forum reading actions in total and per week. Results show that members 
made statistically significantly more forum-reading actions than non-members, t(47.01) = 3.65, p 
= .001 (α = .017), d = .705. When examined on a weekly basis, members also made statistically 
significantly more forum-reading actions than non-members from week 1 to week 8. There was 










Table 23.  
Results of t-tests and Descriptive Statistics for Forum Reading by Society Members 
Outcome Group    
 Non-Members  Members    






t value (df) 
Total Forum 
Reading  2.19 20.08  32.85 58.15 .705 
**.001  
(α = .017) 
t(47.01) = -3.65 
Week 1 
.51 4.32  6.65 12.10 .676 
**.001  
(α = .016) 
t(47.01) = -3.52 
Week 2 
.33 3.37  6.21 12.42 .646 
**.002  
(α = .021) 
t(47.01) = -3.28 
Week 3 
.27 3.10  3.54 8.57 .507 
*.011  
(α = .032) 
t(47.01) = -2.64 
Week 4 
.20 2.60  3.19 8.38 .482 
*.017  
(α = .037) 
t(47.01) = -2.47 
Week 5 
.14 2.29  2.65 5.63 .584 
**.003  
(α = .024) 
t(47.02) = -3.09 
Week 6 
.19 2.78  3.15 7.90 .500 
*.013  
(α = .035) 
t(47.01) = -2.59 
Week 7 
.17 2.56  1.60 3.63 .455 
*.009  
(α = .032) 
t(47.05) = -2.73 
Week 8 
.21 3.17  4.21 12.51 .438 
*.032  
(α = .040) 
t(47.01) = -2.22 
Post Week 8 
.17 2.71  1.67 5.19 .362 
.052  
(α = .042) 
t(47.03) = -2.00 
Note. Boldface indicates items with statistically significant between these two groups.  





Table 24 shows the results of comparisons between eventual paper submitters and non-
submitters on discussion forum reading actions in total and per week. Results show that 
submitters members made statistically significantly more forum-reading actions than non- 
submitters, t(147.05) = -2.90, p = 004 (α = .027), d = .327. When examined on a weekly basis, 
members also read members made statistically significantly more forum-reading actions than 
non-members from week 1 to week 8. A statistically significant difference was also found for 






Table 24.  
Results of t-tests and Descriptive Statistics for Forum Reading by Paper Submitters 
  Group    
 Non-Submitters  Submitters    










2.16 19.68  21.49 81.20 .327 
**.004  
(α = .027) 
t(147.05) = -2.90 
Week 1 .50 4.05  6.14 28.50 .277 
**.017  
(α = .038) 
t(147.02) = -2.41 
Week 2 .33 3.28  3.44 16.21 .266 
**.021  
(α = .039) 
t(147.04) = -2.33 
Week 3 .27 3.09  1.89 7.06 .297 
**.006  
(α = .029) 
t(147.17) = -2.80 
Week 4 .20 2.59  1.44 6.42 .253 
*.021  
(α = .02) 
t(147.14) = -2.35 
Week 5 .13 2.27  1.63 6.21 .321 
**.004  
(α =.027 ) 
t(147.12) = -2.93 
Week 6 .19 2.72  2.55 11.64 .279 
**.015  
(α = .036) 
t(147.05) = -2.47 
Week 7 .17 2.54  1.56 6.61 .278 
**.011  
(α = .034) 
t(147.13) = -2.56 
Week 8 .21 3.17  1.66 7.14 .262 
**.015  
(α = .037) 
t(147.17) = -2.47 
Post 
Week 8 .17 2.71  1.19 4.83 .260 
*.011  
(α = .034) 
t(147.27) = -2.57 
Note. Boldface indicates items with statistically significant between these two groups.  





Forum Posting, Commenting, Voting Actions, and Forum Reputation 
Statistically significant differences were not found, whether assessed in total or on 
weekly basis, when comparing actions such as initiating a post, responding to an existing post, or 
voting for an existing posts either between eventual members and non-members or between 
eventual paper submitters and non-submitters, shown in Table 25 and Table 26 below. However, 
society members made marginally statistically significantly more forum-posting actions than 













Results of t-tests and Descriptive Statistics for Forum Actions by Society Members 
Outcome Group    
 Non-Members  Members    






t value (df) 
Total Forum 
Posting .05 1.01  
.9
0 3.20 
.358 *.07 (α = .04) t(47.01) = -1.84 
Total Forum 
Commenting .03 1.40  .21 .92 
.152 .18 (α = .046) t(47.21) = -1.36 
Total Forum 
Up voting .06 1.10  .85 3.90 




.00 .11  .02 .14 
.159 
.41 (α = .049) t(47.05) = -.84 
Forum 
reputation .02 1.00  .56 2.16 
.321 .09 (α = .044) t(47.02) = -1.73 
Note. Boldface indicates items with statistically significant between these two groups.  














Results of t-tests and Descriptive Statistics for Forum Actions by Paper Submitters 
Outcome Group    
 Non-Submitters  Submitters    




t value (df) 
Total Forum 
Posting .04 .67  1.42 13.89 .140 .23 (α = .047 ) t(147.00) = -1.20 
Total Forum 
Commenting .02 .45  2.15 24.26 .124 .29 (α = .048) t(147.00) = -1.07 
Total Forum 




.00 .11  .03 .23 .166 .21 (α = .046 ) t(147.20) = -1.25 
Forum 
reputation .02 1.55  .38 16.78 .030 .27 (α = .047) t(147.00) = -1.11 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
Assignment submission 
Table 27 shows the results of comparisons between eventual members and non-
members in terms of how many submissions they made in total and per week. It is shown that 
members submitted statistically significantly more assignments than non-members, t(47.01) = 
3.75, p = 0005 (α = .014), d = .737. When examined on a weekly basis, members also submitted 




week 4 was marginally significant with a p value of 0.055(α = .043). There was not a statistically 
significant difference in assignment submissions after week 8. 
Table 27.  
Results of t-tests and Descriptive Statistics Assignment Submission by Society Members 
Outcome Group    
 Non-Members  Members    










1.37 3.96  8.90 13.90 .737 
**.0005  
(α = .014) 
t(47.01) = -3.75  
Week 1 
.30 1.19  2.00 3.07 .730 
**.0004  
(α =  .013) 
t(47.01) = -3.83 
Week 2 
.18 .95  1.73 3.00 .697 
**.001  
(α = .016) 
t(47.01) = -3.59 
Week 3 
.12 .78  .88 1.65 .589 
**.003  
(α = .023) 
t(47.02) = -3.19 
Week 4 
.07 .54  .25 .64 .304 
*.055  
(α = .043) 
t(47.07) = -1.97 
Week 5 
.09 .65  1.23 2.84 .553 
**.008  
(α = .031) 
t(47.01) = -2.78 
Week 6 
.12 .76  .73 1.87 .427 
**.029  
(α = .040) 
t(47.02) = -2.26 
Week 7 
.10 .63  .67 1.49 .498 
**.011  
(α = .032) 
t(47.02) = -2.65 
Week 8 
.10 .63  1.06 2.45 .537 
**.009  
(α = .031) 




Post Week 8 
.30 1.05  .35 .84 .053 
.642  
(α = .05) 
t(47.14) = -.47 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
Table 28 shows the results of comparisons between eventual paper submitters and non-
submitters on their number of actions for submitting an assignment in total and per week. 
Specifically, paper submitters submitted statistically significantly more assignments than paper 
non-submitters, t(147.12) = 5.10, p <.001(α = .002), d = .557. When examined on a weekly basis, 
paper submitters also submitted statistically significantly more assignments than paper non-
submitters from week 1 to week 8. There was not a statistically significant difference for 
submitting assignments after week 8. 
Table 28.  
Results of t-tests and Descriptive Statistics for Assignment Submission by Paper Submitters 
Outcome Group    
 Non-Submitters  Submitters    












1.36 3.94  5.89 10.81 .557 
**<.001 
(α = .002) 
t(147.12) = -5.10 
Week 1 .30 1.19  1.38 2.27 .596 **<.0001 (α = .001) t(147.24) = -5.76 
Week 2 .17 .94  1.00 2.37 .460 **<.001 (α = .006) t(147.14) = -4.24 





.07 .54  .39 1.04 .386 
**.003  
(α =.012 ) 
t(147.24) = -3.70 
Week 5 
.09 .64  .72 2.08 .409 
**.003 
 (α = .013) 
t(147.08) = -3.65 
Week 6 
.12 .76  .66 1.96 .363 
**.001  
(α = .020) 
t(147.13) = -3.36 
Week 7 .10 .63  .46 1.16 .386 **<.0001 (α = .011) t(147.26) = -3.81 
Week 8 
.10 .63  .45 1.56 .294 
**.007  
(α = .030) 
t(147.14) = -2.72 
Post Week 
8 .30 1.05  .22 .84 .084 
.281  
(α = .048) 
t(148.37) = 1.08 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
Assignment scores  
Table 29 shows the results of comparisons between eventual members and non-
members on their assignment scores in total and per week. Results show that members received 
statistically significantly higher final scores than non-members, t(47.01) = 3.43, p = .001 (α 
= .015), d= .643. When examined on a weekly basis, members also received statistically 
significantly higher scores than non-members from week 1 to week 8.  
 
Table 29.  
Results of t-tests and Descriptive Statistics Assignment Scores by Society Members 
Outcome Group    




 M SD  M SD 
Cohen’s d p-Value (α 
level 
adjusted ) 
t value (df) 
Final Score .02 .11  .20 .38 .643 
**.001  
(α = .015) 
t(47.01) = -3.43 
Week 1 .002 .01  .02 .04 .617 
**.001  
(α = .014) 
t(47.01) = -3.68 
Week 2 .02 .12  .21 .40 .643 
**.001  
(α = .015) 
t(47.01) = -3.43 
Week 3 .01 .11  .18 .39 .593 
**.004  
(α = .025) 
t(47.01) = -3.05 
Week 4 .01 .11  .18 .38 .608 
**.004  
(α =.025) 
t(47.01) = -3.05 
Week 5 .01 .11  .19 .39 .628 
**.003  
(α = .022) 
t(47.01) = -3.08 
Week 6 .01 .10  .18 .40 .583 
**.003  
(α = .022) 
t(47.01) = -3.09 
Week 7 .01 .10  .18 .38 .612 
**.003  
(α = .023) 
t(47.01) = -3.08 
Week 8 .01 .09  .15 .34 .563 
**.006  
(α =.028 ) 
t(47.01) = -2.87 
Note. Boldface indicates items with statistically significant between these two groups.  
Significant, ** p < adjusted α. Marginally significant * p < adjusted α *2 
 
Table 30 shows results of comparisons between eventual paper submitters and non-
submitters on their assignment scores in total and per week. Results show that submitters 
received statistically significantly higher final scores than non-submitters, t(147.10) = 4.35, p 
< .001 (α = .003), d = .447. When examined on a weekly basis, submitters also received 









Table 30.  
Results of t-tests and Descriptive Statistics for Assignment Scores by Paper Submitters 
Outcome Group    
 Non-Submitters  Submitters    
 M SD  M SD 
Cohen’s d p-Value 
(α level 
adjusted ) 
t value (df) 
Final Score .02 .11  .13 .33 .447 **<.001 (α = .003) t(147.10) = -4.35 
Week 1 .002 .01  .01 .03 .358 **<.001 (α = .004) t(147.14) = -4.32 
Week 2 .02 .12  .13 .32 .455 **<.001 (α = .003) t(147.12) = -4.32 
Week 3 .01 .11  .12 .33 .447 **<.001 (α = .010) t(147.10) = -4.01 
Week 4 .01 .11  .13 .32 .502 **<.001 (α = .005) t(147.10) = -4.27 
Week 5 .01 .11  .13 .33 .488 **<.001 (α = .005) t(147.09) = -4.26 
Week 6 .01 .10  .11 .29 .461 **<.001 (α = .009) t(147.09) = -4.04 
Week 7 .01 .10  .10 .30 .402 **<.001 (α = .011) t(147.10) = -3.75 
Week 8 
.01 .09  .07 .25 .319 
**.002  
(α = .021) 




Note. Boldface indicates items with statistically significant between these two groups.  





Course completion and post-course development 
A chi-square test of independence was performed to examine the relation between 
course completion and post-course society membership status. Table 31 shows that the 
relationship between completion status and society membership status is significant, !2 (1, N = 
49952) = 116.33, p < .001; students who completed the course were more likely to join the 
society. 
Table 31.  




Society Membership Status 
Non-Members  Members 
Non-
Completed 49275   39  
Completed 629   9  
Note. χ2 = 116.33, df = 1. Numbers in parentheses indicate column percentages. 
A chi-square test of independence was performed to examine the relation between 




completion status and paper submitting status is significant, !2 (1, N = 49952) = 176.26, p < .001; 






Table 32.  




Paper Submitting Status 
Non-Submitted  Submitted 
Non-
Completed 49186 (98.8%)  128 (86.5%) 
Completed 618 (1.2%)  20 (13.5%) 
Note. χ2 = 176.26, df = 1. Numbers in parentheses indicate column percentages. 
 
5 Behavioral categories and post-course development  
Tables 33 to 42 show results of Fisher’s exact tests between behavioral categories and 




Behavior 1. Behavior 1 learners who watched more than 3 videos but did not complete 
the course were more likely both to join a professional society (Table 33), p = .005, and to 
submit a paper (Table 34), p < .001 than other learners. Learners in this category are 2.4 times 
more likely to join the professional society than learners who are not in this category.  Similarly, 
learners in this category are 2.8 times more likely to submit a paper than learners who are not in 
this category.  
Table 33.  





than 3 vides and 
did not complete 
Society Membership Status 
Non-Members  Members 
Not in this 
category 40043  30 
In this category 9861  18 
Fisher’s exact test: **p = .005. 
Table 34.  




more than 3 
vides and did 
not complete 
Paper Submitting Status 
Non-Submitted  Submitted 
Not in this 
category 39985  88 
In this 
category 9819  60 




Behavior 2. Behavior 2 learners who watched videos only from the first 3 videos, were 
more likely to join a professional society (Table 35), p = .007. Learners in this category are 2.4 
times more likely to join the professional society than learners who are not in this category. No 
statistically significant association were found between this category and submitting a paper 
(Table 36). It is possible that learners who watched 1- 3 early videos and learned about relevant 
professional societies went on to join them, but that students who did not access further content 
were unlikely to learn sufficient content to be able to submit a paper.  
Table 35.  





only from the first 
3 
Society Membership Status 
Non-Members  Members 
Not in this 
category 42576  47 
In this category 7328  1 






Table 36.  






from the first 3 
Paper Submitting Status 
Non-Submitted  Submitted 
Not in this 
category 42490  132 
In this 
category 7313  16 






 Behavior 3. No statistically significant associations were found between Behavior 3 
learners who watched 1 – 3 videos but not from the first 3 and either of the two post-course 
development outcomes (Table 37 – Table 38). 
 
Table 37.  
Society Membership Status by Behavior Type 3 
Behavior Category 3: 
Learners who watched 1 to 3 
videos not from the first 3 
Society Membership Status 
Non-
Members  Members 
Not in this category 48861  45 
In this category 1043  3 
Fisher’s exact test: p = .079 
Table 38.  
Paper Submitting Status by Behavior Type 3 
Behavior Category 3: 
Learners who watched 1 to 3 
videos not from the first 3 
Paper Submitting Status 
Non-
Submitted  Submitted 
Not in this category 48759  147 
In this category 1045  1 







Behavior 4. Behavior 4 learners who watched more than 3 videos and did not skip the 
first 3, were more likely both to join a professional society (Table 39),  p =< .001, and to submit 
a paper (Table 40),  p < .001. Learners in this category are 5 times more likely to join a 
professional society than learners who are not in this category. Similarly, learners in this 
category are 4.2 times more likely to submit a paper than learners who are not in this category. 
This result is consistent with previous analyses between within-course interaction and post-
course participation in the community of practice.  
Table 39.  
Society Membership Status by Behavior Type 4 
Behavior Category 4: 
Learners who watched at 
least the first 3 videos 





Not in this category 38787  21 
In this category 11117  27 
Fisher’s exact test: p =< .001. 
 
Table 40.  
Paper Submitting Status by Behavior Type 4 
Behavior Category 4: 
Learners who watched 
at least the first 3 videos 
Paper Submitting Status 
Non-
Submitted  Submitted 
Not in this category 38739  69 








Behavior 5. Behavior 5 learners who watched more than 3 videos but not from the first 
3, were more likely to submit a paper (Table 42), p = .003. Learners in this category are 3.9 
times more likely to submit a paper than learners who are not in this category. No statistically 
significant association was found between this category and joining a professional society 
(Table 41). The results from Study 2 suggested that Behavior 5 learners are more interested in 
extending their current knowledge. It is possible that Behavior 5 learners may have already 
joined one of the relevant societies before taking this MOOC. To explain the association 
between Behavior 5 learners and submitting a paper, it is reasonable to hypothesize that learners 
in this category chose a specific sub-topic of the course and went on to submit a paper based on 
that sub-topic.  
Table 41.  
Society Membership Status by Behavior Type 5 
Behavior Category 5: Learners 
who watched more than 3 
videos but not the first 3  
Society Membership Status 
Non-
Members  Members 
Not in this category 49255  48 
In this category 649  0 






Table 42.  
Paper Submitting Status by Behavior Type 5 
Behavior Category 5: 
Learners who watched 
more than 3 videos but 
not the first 3 
Paper Submitting Status 
Non-
Submitted  Submitted 
Not in this category 49162  141 
In this category 642  7 







Discussion - Study 3 
Study 3 included data reflecting learner post-course development and related it to 
indicators of their participation, engagement, and performance in the course. In this study, two 
post-course development variables were investigated: whether a learner joined a relevant 
scientific community, and whether the learner submitted a paper to a relevant conference, after 
taking a MOOC in an emerging discipline. For the ease of discussion, and given the 
commonalities between the students participating after the course in each fashion, we will use 
the term “career advancers” to refer to learners who either joined a society or submitted a paper 
after the conclusion of the MOOC.  
Overall, career advancers earned higher scores in the course than non-advancers. They 
interacted more frequently with key course components including course pages, lecture videos, 
and discussion forums. However, somewhat surprisingly, career advancers did not post more to 
the forums or participate more often in reputation voting. They did, however, access the 
discussion forums more often to read posts than non-advancers. These results indicate that using 
post-course career development indicators such as joining a professional society and submitting 
a paper are related to students’ in-course interaction and performance.  
One interesting result is that behavior at the end of the course often was less different 
between career advancers and non-advancers. One possible reason is that career advancers 
participated less at the end of the course. Advancers who aimed at earning a certificate and 
received high scores in the previous assignments might consider dropping the last one or two 
assignments given the course policy that only 6 out 8 assignment scores are used to calculate a 
final score. The other reason may be that non-advancers participated more at the end of the 




from non-advancers such as viewing course pages, watching videos, or reading forum 
discussions.  
Another somewhat surprising result is that posting to the discussion forums was not a 
factor differentiating career advancers from non-advancers, even though career advancers read 
the forums more often than their classmates. One possible reason is that content posted by some 
learners involves basic topics that are not associated with the types of advanced understanding 
and skill needed for career advancement. Another possible explanation is that many of the posts 
in this class were off-topic or not particularly professionally relevant, involving the color of the 
instructor’s shirt or criticizing the video design (Comer et al., 2015); these irrelevant posts are 
unlikely to benefit learners. It is possible that if these posts were removed from the data, the 
results would be different. Linguistic features of MOOC posts, for instance, have been found to 
predict completion in this same MOOC (Crossley et al., 2015). 
An interesting – if less surprising – result was the strong link between course completion 
and career advancement. Course completion, though widely adopted as an evaluating metric, has 
received considerable skepticism (Yuan & Powell, 2013). Nonetheless, many have noted that 
completion rates are low (e.g. Breslow et al,, 2013), and low course completion has been treated 
as a crucial concern (Yuan & Powell, 2013). Results from the current study align to the 
perspective that course completion is indeed important, finding that course completion is 
associated with post-course development for MOOC learners. This indicates that course 
completion can be an important indicator of interest in assessing longitudinal learner 
development. Of course, despite the strong association, it is not a perfect predictor: the majority 
of advancers did not complete the course. This indicates that course completion is an important 









  CONCLUSION AND FUTURE DIRECTIONS 
 
Summary and Significance 
The three studies included in this dissertation explored 3 links (Figure 4) via analyzing 
data reflecting three phases around a MOOC while considering two types of operationalizations 
of success: course completion and post-course development.  
Three Studies 
Study 1 - Research Question 1: How does a learner’s motivation influence their 
outcomes in a MOOC? The first study explored relation between learner motivation and course 
completion. Motivational items included enrollment reason, intention, as well as domain-general 
variables such as grit, goal orientation, efficacy, and need for cognition. Results of Course 
Iteration 1 show enrollment reasons relating to novelty of the platforms were found to be 
negatively related to course completion. Results of Course Iteration 2 presented evidence that 
domain-general variables such as grit and goal orientation are positively correlated with 
completing a MOOC.  
Study 2 - Research Question 2: How does a learner’s motivation influence their 
performance and engagement within a MOOC? The second study investigated learner pre-
course motivation and learner behaviors within the course. 5 types of behavioral thresholds were 
computed as alternatives to course completion. The results of study 2 suggested that alternative 




first 3 videos but watched more than 3 videos in total rated the goal of extending their current 
knowledge higher than the rest of students. This results indicates that some MOOC learners may 
be “strategic samplers” who only pick whatever sub-section of the course is of most interest to 
them and thus course completion may not be a suitable success metric for these learners.  
Study 3 - Research Question 3: How does a learner’s performance and engagement 
within the course influence their outcomes in a MOOC? The third study looked into two 
types of post-course development metrics on career advancement: joining a professional society 
and submitting a papers. The results showed that career advancers earned higher assignment 
scores and interacted more frequently with all major course components including course pages, 
lecture videos, discussion forums, and assignment submissions. However, analyses into sub-
types of behaviors of discussion forums revealed that career advancers are often forum lurkers 
in that they read forum posts more often than others but are no more likely to engage in active 
content contribution such as forum posting and commenting.  
 





Two Success Metrics 
Overall, this dissertation examined MOOC learner motivation and learning patterns in 
relation to two types of success metrics: course completion and post-course development.  
Course Completion. Analyses in this dissertation suggested that course completion, 
although frequently criticized, remains an important metric to understand learner motivation and 
learning patterns. However, it is worth noting that course completion may be important but it 
may not be the only or the most important measure of MOOC learner success. A plethora of 
variables such as the domain of the course and design of the course may influence which is the 
best measure of student success in a MOOC.  
Post-Course Development. The present study points out “post-MOOC development” as 
a critical yet understudied direction when assessing MOOCs by examining the relationships 
between performance and engagement within the course and learner behavior and development 
beyond the course. Studies in this dissertation may enhance our understanding of how MOOC 
learners’ motivation achievement and engagement patterns during a course impact their post-
course career development in an emerging STEM field. In the long run, findings from this study 
may 1) help instructors and researchers identify indicators of how emerging skill sets in STEM 
can be taught in a MOOC environment; 2) inform institutional decision-makers of long-term 
tangible return on investment on MOOCs; as well as 3) suggest how development of an 










The findings of this dissertation suggest that participation in a MOOC is correlated to 
longer-term outcomes. These results are evidence that MOOCs are associated with important 
career developments. In future work, it would be valuable to study further indicators of career 
development, such as job changes (to careers related to the MOOC) and academic career 
development. For example, information can be collected via a survey to identify learners who 
received promotions, or transitioned into a new position in industry. Data from sources such as 
LinkedIn may also be relevant for identifying career transitions.  
Additionally, these findings suggest that joining a scientific society and publishing 
papers are reasonable post-MOOC outcomes that can be investigated in other emerging scientific 
fields. For MOOCs earlier in students’ professional trajectories (such as MOOCs targeted to 
undergraduates), similar indicators (such as taking and passing the next course in the course 
sequence) may be useful measures. Since the present study was grounded in the context of only 
one MOOC, which is idiosyncratic in various ways, future work should collect and analyze data 
from different MOOCs across different disciplinary areas and course platforms to determine 
which of the findings obtained here are general.  
The results of this dissertation also speak to the importance of studying forum 
participation in greater depth. In this paper, it is found that advancers tend to visit the forums 
more often without being active content contributors. Further analyses are needed to explore 
reasons behind many career advancers’ lack of active engagement in the discussion forums. Do 
MOOC advancers prefer to only read the comments rather than actively contributing? Do design 
elements prevent them from being active contributors? Or do they actually contribute more 




students arguing about the instructor’s fashion preferences? 
Going forward, by understanding the role that MOOCs play in career development, and 
understanding which student behaviors are associated with positive developments, we can work 
to make MOOCs more effective at promoting learner success, and help MOOCs reach the high 
potential attributed to them at their very beginning.  
Last but not least, the analyses included in this dissertation have built on past studies and 
theories from multiple disciplines such as psychology, learning analytics and educational data 
mining. Psychological constructs such as grit, goal-orientation, and need for cognition have 
been well studied in many domains. Yet, these constructs have not been thoroughly studied in 
MOOCs. Therefore, another general yet necessary future direction may be toward applying and 
testing relevant theories such as those in psychology into the environment of MOOCs. To do so, 
not only will it help increase our understanding of MOOCs but also enrich existing theories that 
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Pre-course Survey for BDE MOOC – Iteration 1 
 
Q1 Please enter your first name 
 
Q2 Please enter your last name 
 
Q3 Please enter your email address 
 
Q4 What is your gender? 
m Male (1) 
m Female (2) 
 
Q5 What is your current age?  
m 18 to 24 (2) 
m 25 to 34 (4) 
m 35 to 44 (5) 
m 45 to 54 (6) 
m 55 to 64 (7) 
m 65 or over (8) 
 
Q6 What is the highest level of education you have completed? 
m Less than High School (1) 
m High School / GED (2) 
m Some College (3) 
m 2-year College Degree (4) 
m 4-year College Degree (5) 
m Masters Degree (6) 
m Doctoral Degree (7) 
m Professional Degree (JD, MD) (8) 
 




m Large (>100 people) for-profit company in Education sector (1) 
m Small ( (2) 
m Large (>100 people) non-profit in Education sector (3) 
m Small ( (4) 
m Carnegie Classification R1 (large research university) (5) 
m Carnegie Classification R2 or Carnegie Classification DR University (non-R1 offering Ph.D.) 
(8) 
m Other university or college (including community college, technical college or institute, 
trade school) (11) 
m K-12 school (13) 
m State Education Agency or Local Education Agency (14) 
m Other Governmental Agency (15) 
m Other (fill-in-blank) (16) ____________________ 
 















Think the course 
will be fun and 
enjoyable (1) 
m  m  m  m  m  
Subject relevant 
to my academic 
field of study (2) 
m  m  m  m  m  
Class teaches 
Skill that will 
help my 
job/career (3) 
m  m  m  m  m  
Course is offered 
by a prestigious 
university (4) 
m  m  m  m  m  
Curious to take 
an online course 
(5) 
m  m  m  m  m  
Want a credential 
to enhance my 
CV/resume (6) 










knowledge of the 
topic (8) 





m  m  m  m  m  
Cannot afford to 
pursue a formal 
education (10) 
m  m  m  m  m  
 
 
Q9 Here are some questions about yourself as a student in this class. Please select the number 
that best describes what you think. 
 1 Not At All 
True (1) 
2 (2) 3 Somewhat 
True (3) 
4 (4) 5 Very True 
(5) 
It’s important 
to me that I 
learn a lot of 
new concepts 
this year (1) 
m  m  m  m  m  
One of my 
goals in class 
is to learn as 
much as I 
can. (2) 
m  m  m  m  m  
One of my 
goals is to 
master a lot 
of new skills 
this year. (3) 
m  m  m  m  m  
It’s important 














m  m  m  m  m  






m  m  m  m  m  
I'm certain I 
can figure out 




m  m  m  m  m  
I can do 
almost all the 
work in class 
if I don't give 
up. (8) 
m  m  m  m  m  
Even if the 
work is hard, 
I can learn it. 
(9) 
m  m  m  m  m  
I can do even 
the hardest 
work in this 
class if I try. 
(10) 
m  m  m  m  m  
 
 
Q10 On a scale of 1 to 10, with 1 being least likely and 10 being most likely, how would you 
rate your possibility of finishing this course according to the pace set by the instructor? 
m 0 (0) 
m 1 (1) 
m 2 (2) 
m 3 (3) 
m 4 (4) 
m 5 (5) 
m 6 (6) 




m 8 (8) 
m 9 (9) 
m 10 (10) 
 
Q11 Do you consider yourself to be a native speaker of English? 
m Yes (1) 
m No (2) 
If Yes Is Selected, Then Skip To Any comment you want to share with us? 
 
Q12 What is your native language? 
 
Q13 Do you expect to enhance your English while taking this class? 
m Yes (1) 
m No (2) 
 









Pre-course Survey for BDE MOOC – Iteration 2 
 
 
Q1* Which of these best describes your goal in taking this course? Please select one of the 
following 
m Taking it and following the course schedule, aiming for a certificate (1) 
m Auditing, but intend to follow the course schedule (2) 
m Auditing, but do not intend to follow the course schedule (3) 
m Just checking what this course is about (4) 
m Bookmaking it as a learning resource (5) 
m Interested in a small sub-set of course topics (6) 
m General curiosity (7) 
m Other - Please specify (8) ____________________ 
 
Q1 Please enter your first name 
 
Q2 Please enter your last name 
 
Q3 Please enter your email address 
 
Q4 What is your gender? 
m Male (1) 
m Female (2) 
 
Q5 What is your current age?  
m 18 to 24 (2) 
m 25 to 34 (4) 
m 35 to 44 (5) 
m 45 to 54 (6) 
m 55 to 64 (7) 
m 65 or over (8) 
 
Q6 What is the highest level of education you have completed? 
m Less than High School (1) 




m Some College (3) 
m 2-year College Degree (4) 
m 4-year College Degree (5) 
m Masters Degree (6) 
m Doctoral Degree (7) 
m Professional Degree (JD, MD) (8) 
 
Q7 What is your current job sector? 
m Large (>100 people) for-profit company in Education sector (1) 
m Small ( (2) 
m Large (>100 people) non-profit in Education sector (3) 
m Small ( (4) 
m Carnegie Classification R1 (large research university) (5) 
m Carnegie Classification R2 or Carnegie Classification DR University (non-R1 offering Ph.D.) 
(8) 
m Other university or college (including community college, technical college or institute, 
trade school) (11) 
m K-12 school (13) 
m State Education Agency or Local Education Agency (14) 
m Other Governmental Agency (15) 
m Other (fill-in-blank) (16) ____________________ 
 
Q8 Can you tell us why you want to enroll in this course? Please select the number that best 
describes what you think. 
 1 Not At All 
True (1) 
2 (2) 3 Somewhat 
True (3) 
4 (4) 5 Very True 
(5) 
Think the course 
will be fun and 
enjoyable (1) 
m  m  m  m  m  
Subject relevant 
to my academic 
field of study (2) 
m  m  m  m  m  
Class teaches 
Skill that will 
help my 
job/career (3) 
m  m  m  m  m  
Course is offered 
by a prestigious 
university (4) 
m  m  m  m  m  
Curious to take 
an online course 
(5) 




Want a credential 
to enhance my 
CV/resume (6) 




m  m  m  m  m  
Extending 
current 
knowledge of the 
topic (8) 





m  m  m  m  m  
Cannot afford to 
pursue a formal 
education (10) 
m  m  m  m  m  
 
 
Q9 Here are some questions about yourself as a student in this class. Please select the number 
that best describes what you think. 
 1 Not At All 
True (1) 
2 (2) 3 Somewhat 
True (3) 
4 (4) 5 Very True 
(5) 
It’s important 
to me that I 
learn a lot of 
new concepts 
this year (1) 
m  m  m  m  m  
One of my 
goals in class 
is to learn as 
much as I 
can. (2) 
m  m  m  m  m  
One of my 
goals is to 
master a lot 
of new skills 
this year. (3) 










m  m  m  m  m  
It’s important 




m  m  m  m  m  






m  m  m  m  m  
I'm certain I 
can figure out 




m  m  m  m  m  
I can do 
almost all the 
work in class 
if I don't give 
up. (8) 
m  m  m  m  m  
Even if the 
work is hard, 
I can learn it. 
(9) 
m  m  m  m  m  
I can do even 
the hardest 
work in this 
class if I try. 
(10) 





to me that 
other students 
in my class 
think I am 
good at my 
class work. 
(11) 
m  m  m  m  m  
One of my 
goals is to 
show others 
that I’m good 
at my class 
work. (12) 
m  m  m  m  m  
One of my 
goals is to 
show others 
that class 
work is easy 
for me. (13) 
m  m  m  m  m  
One of my 
goals is to 
look smart in 
comparison 
to the other 
students in 
my class. (16) 
m  m  m  m  m  
It’s important 
to me that I 
look smart 
compared to 
others in my 
class. (18) 






Q10 For each of the statements below, please indicate to what extent the statement is 
characteristic of you. If the statement is extremely uncharacteristic of you (not at all like you) 
please write a "1" to the left of the question; if the statement is extremely characteristic of you 
(very much like you) please write a "5" next to the question. Of course, a statement may be 
neither extremely uncharacteristic nor extremely characteristic of you; if so, please use the 
number in the middle of the scale that describes the best fit. Please keep the following scale in 
mind as you rate each of the statements below: 1 = extremely uncharacteristic; 2 = somewhat 
uncharacteristic; 3 = uncertain; 4 = somewhat characteristic; 5 = extremely characteristic.  






m  m  m  m  m  
I like to have 
the 
responsibility 
of handling a 
situation that 
requires a lot 
of thinking. 
(2) 
m  m  m  m  m  
Thinking is 
not my idea 
of fun. (3) 
m  m  m  m  m  


















where there is 
a likely 
chance I will 









hard and for 
long hours. 
(6) 
m  m  m  m  m  
I only think 
as hard as I 
have to. (7) 
m  m  m  m  m  






m  m  m  m  m  






m  m  m  m  m  
The idea of 
relying on 
thought to 
make my way 
to the top 
appeals to 
me. (10) 




I really enjoy 







m  m  m  m  m  
Learning new 




m  m  m  m  m  
I prefer my 
life to be 
filled with 
puzzles that I 
must solve. 
(13) 
m  m  m  m  m  





m  m  m  m  m  
I would 





















required a lot 
of mental 
effort. (16) 
m  m  m  m  m  
It's enough 
for me that 
something 
gets the job 
done; I don't 
care how or 
why it works. 
(17) 
m  m  m  m  m  









m  m  m  m  m  
 
 
Q11 Please respond to the following 8 items.  
 1 Very Much 
like me (1) 
2 Mostly like 
me (2) 
3 Somewhat 
like me (3) 
4 Not much 
like me (4) 
5 Not like me 
















I have been 
obsessed with 
a certain idea 
or project for 
a short time 
but later lost 
interest. (3) 
m  m  m  m  m  
I am a hard 
worker. (4) m  m  m  m  m  
I often set a 









my focus on 
projects that 
take more 
than a few 
months to 
complete. (9) 




m  m  m  m  m  
I am diligent. 
(8) m  m  m  m  m  
 
 
Q12 On a scale of 1 to 10, with 1 being least likely and 10 being most likely, how would you 
rate your possibility of finishing this course according to the pace set by the instructor? 
m 0 (0) 
m 1 (1) 
m 2 (2) 
m 3 (3) 
m 4 (4) 
m 5 (5) 
m 6 (6) 
m 7 (7) 
m 8 (8) 




m 10 (10) 
 
Q13 Do you consider yourself to be a native speaker of English? 
m Yes (1) 
m No (2) 
If Yes Is Selected, Then Skip To Any comments you want to share with us? 
 
Q14 What is your native language? 
 
Q15 Do you expect to enhance your English while taking this class? 
m Yes (1) 
m No (2) 
 
Q16 Any comment you want to share with us? 
 
 
 
 
 
 
